
MBA Thesis

Creating value with agentic AI in marketing:

The view from marketing management

Daan Luttik

14 June 2026

Supervisor: S. Beninger

Nyenrode Business Universiteit

Straatweg 25, 3621 BG Breukelen



D.T. Luttik Creating value with agentic AI in marketing

Foreword
Over 10 years ago I fell in love with what we then called AI. Back then I was a technical student writing an
AI checkers computer that quickly became more capable at the game than I was. When I entered the field of
marketing in 2018, AI became the hot new thing again; my first LinkedIn post ever showed me fumbling for an
answer to the question “so what is AI?” Years later, after the releases of Dall-E and ChatGPT, the techniques
that had interested me for so long came to the center of the public debate.

Additionally, when I graduated from my Master Data Science & Entrepreneurship I would never have guessed that
only 5 years later I would start an Executive MBA. Nor would I have guessed that I would do an academic study
again, now combining the key elements of my background in business, marketing, and AI.

I have greatly enjoyed my experience at Nyenrode, and this thesis is the crown to my entire academic journey. I
want to thank the people who have brought me here: Techonomy and Peter Sprenger for giving me the opportunity
to start the MBA. My team within the company for the great support they provided me whenever I had a busy
period with the study.

Also, I want to thank all of my classmates for giving me such a great time during and outside of the module. And
a very special thanks for my peer group, I love how we have supported each other. Another special thanks goes
out to my family and friends, to those who I have disregarded because I was too busy, and those who supported
me without expecting anything in return. I could not have made it through these busy years without having all
of these special people around me to support me.

Lastly, I want to give a very special thanks to my supervisor Stefanie Beninger. During the module on marketing
she taught, it quickly became clear to me that she was the perfect fit for this research. I want to thank you for
your time and effort. And for the patience with all of the questions regarding your preferences, and the “are you
sure” questions after you noted your preferences, I think it greatly improved my work.
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Executive Summary
Generative AI has become central to marketing, which together with sales is projected to capture
roughly a third of AI’s economic value (Mayer et al., 2025). Yet most marketing AI still works as a
question-and-answer tool (Brinker & Riemersma, 2025). A newer category, agentic AI, pursues goals
autonomously across complex, multi-step tasks, promising to perform the work itself. How managers
turn that promise into value is largely unexplored, and scholars have issued explicit calls for firm-
level evidence (e.g. Kim, 2025). This study therefore asks: “How do marketing managers create value
with agentic AI?” This study answers that question empirically using constructivist grounded theory
(Charmaz, 2014). In doing so, this work provides one of the earliest empirical works on agentic AI
within marketing.

This study proposes a model that combines four managerial behaviors: observing external conditions,
navigating the organizational context, applying agentic AI, and obtaining value outcomes. The orga-
nizational context plays a particularly critical role, as it both enables and constrains the potential of
agentic AI initiatives. We observe that marketing managers steer the marketing department, leverage
technical resources, and deal with compliance policies.

Depending on the organizational context and managerial behaviors, identical use cases produced
divergent outcomes across firms. A pattern of paradoxes runs throughout: the technology that
creates a risk also supplies the means to govern it.

We offer advice to practitioners. Specifically, we suggest a set of managerial responses to the organi-
zational context. Among other things, we advocate for a “laboratory” environment where marketing
teams can safely experiment with agentic AI without violating compliance policies, and we note that
marketing and technology managers should work together to negotiate the creation and allocation of
resources.

As the field evolves quickly, many specific use cases and technical applications may date quickly; how-
ever, the higher-order principles regarding how marketing managers respond to this rapidly changing
field are likely to be more durable.

1. Introduction
Generative artificial intelligence (GenAI) has rapidly
become a central concern for marketing. Generative
AI is a form of computer intelligence that can pro-
duce various forms of output, including text and im-
ages, based on patterns learned during training (Gre-
wal et al., 2025). The use of GenAI presents significant
business potential, and the field of marketing and sales
may be the largest opportunity, representing about one-
third of the estimated $4.4 trillion in annual productiv-
ity growth that might result from GenAI (Mayer et al.,
2025).

In practice, marketers already apply GenAI across a
range of tasks: drafting and localizing campaign copy,
generating product and creative imagery, synthesizing
customer insight from unstructured feedback, person-
alizing messages at scale, and powering conversational
customer-service assistants (e.g. Grewal et al., 2025;
Mogaji & Jain, 2024; Wahid et al., 2023). However,
in marketing, AI still mainly serves as a question-and-
answer machine, largely focusing on brainstorming and
content generation rather than as a system that can re-
ally do the work or make a meaningful contribution to a
vast number of everyday tasks (Brinker & Riemersma,
2025).

The field of AI evolves quickly, and recent innovations
have led to agentic AI, a new category of GenAI which

Acharya et al. (2025) define as “autonomous AI sys-
tems that undertake to finish a set of complex tasks
that span over long periods of time without human su-
pervision” (p. 18913). These systems are capable of
acting in a goal-oriented manner within a changing en-
vironment (Acharya et al., 2025) and might therefore
be better suited to the execution of the marketer's nor-
mal daily tasks.

These technological developments might enable mar-
keters to leverage agentic AI for this large number
of daily tasks not yet affected by AI, which in turn
might unlock the large productivity gains mentioned
by Mayer et al. (2025). However, the use of agentic AI
in marketing remains largely empirically unexplored,
and many researchers are calling for research on agen-
tic AI within the marketing field (Kim, 2025) or for re-
search related to the broader field of GenAI in market-
ing (Jain et al., 2024; Mogaji & Jain, 2024). Kim (2025)
notes that the transformational shift that agentic AI
brings requires a serious response from the research
community. This study therefore explores the question
“How do marketing managers create value with agen-
tic AI?” The question’s exploratory nature reflects the
field, which is still emerging and in which academic
understanding and practical guidance remain under-
developed. To guide the research, the following sub-
questions are used:
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1. How do marketing managers identify and trans-
late agentic AI opportunities?

2. How do marketing managers adopt agentic AI
within their organizations?

3. How do marketing managers manage the benefits,
sacrifices, and risks that relate to the utilization
of agentic AI?

This study deliberately focuses on agentic AI because
of its ability to act autonomously. Within his call for
research, Kim (2025) notes the ability of agentic AI to
integrate data, make decisions, and execute campaigns
autonomously, which seems to align with the untapped
potential that Brinker and Riemersma (2025) describe.
This is where understanding is thinnest.

Existing accounts of digital transformation offer a use-
ful starting point regarding how to adopt these new
techniques, since the rollout of AI can be read as a
new wave of such transformations like those described
by Holmström (2022), but they were not written for
technologies that act with this degree of autonomy and
evolve this quickly, and so cannot be assumed to trans-
fer wholesale.

This study makes both theoretical and practical
contributions. Theoretically, it offers one of the
first grounded empirical accounts of how marketing
managers create value with agentic AI. Its central
contribution is a model of managerial value creation
that links observing the external conditions, navigating
the organizational context, applying agentic AI, and
obtaining the resulting value outcomes. Furthermore,
this study describes where beneficial or counter-
productive conditions and managerial behaviors align
with those observed in earlier work within the related
fields of GenAI and digital transformation.

Practically, the study offers managers insights into use
cases they might apply, the conditions that mediate
value creation with agentic AI, and managerial behav-
iors they can apply to shape the conditions for success-
ful implementation, adoption, and use of agentic AI.
Furthermore, this work describes potentially beneficial
conditions and behaviors that marketing managers are
typically unaware of. Additionally, Appendix B pro-
vides a practical checklist that managers might apply
to audit their organizational readiness and shape their
agentic AI initiatives.

The remainder of this document is structured as follows:
First, an overview of the current state of the literature
is provided, including calls for research in this domain.
Then an overview of the methods is provided and the
findings are presented. Afterward, the findings are com-
pared to literature, practical implications are derived,
limitations are discussed, and directions for further re-

search are provided. Lastly, a conclusion is provided
containing the main points.

2. Literature review
2.1. The historical development of AI
The term Artificial Intelligence (AI) has been around
since the 1950s to describe “intelligent machines” (Xu
et al., 2021). It is often associated with systems that
perform tasks that are typically associated with human
cognition (Xu et al., 2021). AI can be broadly catego-
rized into two categories:

1. Expert systems: Where rules and heuristics writ-
ten by humans define the output of the system
(Kastner & Hong, 1984). An example of this can
be seen in early games where playing against the
computer was noted as playing against the AI.

2. Machine learning: Where data is used to train a
model (Shinde & Shah, 2018).

Both expert systems and machine-learning methods
have been applied in marketing decision-making for
decades. Earlier expert systems were developed to
support managerial decisions through data, models,
rules, and analytical tools (Little, 1979; Mitchell
et al., 1991). In contemporary marketing practice,
the rule-based logic of expert systems is especially
visible in marketing automation systems, where
marketers define parameters, heuristics, lead-scoring
rules, behavioral triggers, and customer segments
to automate or personalize marketing actions such
as email campaigns, content delivery, and sales-lead
qualification (Guercini, 2022; 2023; Heimbach et al.,
2015; Järvinen & Taiminen, 2016).

Machine learning is also widely used in marketing, par-
ticularly for customer segmentation, forecasting, rec-
ommender systems, consumer-behavior prediction, and
content analysis (Duarte et al., 2022). Specific appli-
cations of machine learning include online A/B test-
ing, where machine learning can be used to optimize
the balance between exploration and exploitation, and
conversion optimization (Kohavi et al., 2009), product
recommendation systems in e-commerce (Schafer et al.,
2001), and customer lifetime value modeling, where pre-
dicted future customer value can be compared with ac-
quisition and retention costs to support marketing in-
vestment decisions (Bauer & Jannach, 2021; Gupta et
al., 2004).

Deep learning is a specific form of machine learning that
uses neural networks consisting of multiple layers (Le-
Cun et al., 2015). This approach became more preva-
lent after AlexNet, which significantly improved the
ability to recognize the primary object within an image
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compared to the previous state of the art (Krizhevsky
et al., 2012). Probably the best-known early applica-
tions of deep learning in marketing revolve around chat-
bots. After word2vec (Mikolov et al., 2013), a tech-
nique that provides numerical representations of words
and enabled superior natural language processing by
machines, it became possible to match user questions
to explicitly collected question-and-answer sets. This
gave rise to early chatbots, which could answer well-
documented questions (Dutta et al., 2021).

2.1.1. The rise of the LLM

However, the real breakthrough came with the paper
“Attention is All You Need” (Vaswani et al., 2017),
which introduced the Transformer model, a new tech-
nique that made AI much better at analyzing text. The
later term GPT is a technically descriptive name; it
stands for generative pretrained transformer (Radford
et al., 2018) and refers to this technique. Training these
systems became costly (Cottier et al., 2024) and pre-
trained models became more prevalent. One of the
best-known models from before ChatGPT was BERT
in 2018 (Devlin et al., 2019); this model was often ap-
plied to categorize text or apply sentiment analysis (Li
et al., 2025). Within the realm of marketing, this was
highly valuable to analyze customer support conversa-
tions or product reviews. At the same time, OpenAI
worked toward increasingly larger models, starting with
GPT-1 (Radford et al., 2018) and becoming widely
known with GPT3 (Brown et al., 2020) and ChatGPT
(OpenAI, 2022).

Models have become generally applicable and can there-
fore be trained before deciding on a specific application,
hence the term “pretrained”. The pretrained nature
drastically changes the economic model (Burkhardt &
Rieder, 2024). Rather than requiring vast amounts of
data and having to recoup the cost of training, organi-
zations can now directly start experimenting with the
application of models (Burkhardt & Rieder, 2024). Us-
ing pretrained models shifts the costs from being up-
front to usage-based costs, making AI much more ap-
plicable for, amongst others, small-scale use cases and
quick experimentation (Burkhardt & Rieder, 2024).

Furthermore, while BERT focuses on classification (De-
vlin et al., 2019), GPT focuses on generation; the abil-
ity to generate text makes the model more widely ap-
plicable since it is no longer scoped to one specific task
(Burkhardt & Rieder, 2024).

2.1.2. The impact of ChatGPT

ChatGPT was the introduction of GenAI to the
broader public as a simple question-and-answer ma-
chine (OpenAI, 2022). ChatGPT can generate text

based on the user’s input; this, in addition to the
earlier release of stable diffusion and other imaging
models, made the public keenly aware of the potential
for AI to answer questions and create content (Wahid
et al., 2023). Marketers started using the image
generation to make better briefings for the design
department and used the text systems to write better
copy, be a brainstorming partner for the creative
process, and much more, all the while this is done
more effectively (Elgheit, 2025; Grewal et al., 2025;
Wahid et al., 2023).

Vaid et al. (2025) note that GenAI is also starting to
be used for marketing tasks like segmentation and tar-
geting. However, Vaid et al. (2025) do not describe
what was needed to deploy these use cases, nor what
business outcomes resulted from the addition of GenAI
to these processes.

2.1.3. The transition to agentic AI

Just before the release of ChatGPT, the concept of Re-
trieval Augmented Generation (RAG) was introduced
(Lewis et al., 2020). RAG supplements a model’s input
with relevant text retrieved from external knowledge
sources (Lewis et al., 2020). This development was
immediately relevant for businesses to put additional
information into the context of the model. The ad-
ditional information loaded through RAG can be any-
thing, including business- or project-related content or
publicly available information (Gao et al., 2023). RAG
powers the AI system with additional knowledge that
is typically directly related to the posed prompt (Gao
et al., 2023; Lewis et al., 2020); this allows GenAI sys-
tems to answer questions using the information from
your organization.

The ability to act was a vital next step in the develop-
ment of agentic AI. A key conceptual step was the Re-
Act framework, introduced by Yao et al. (2023), which
showed how LLMs could combine reasoning (Re) and
acting (Act) in an iterative process, leveraging the re-
sults of an action to consider what a next step might
be. The ability to consider actions and affect external
systems enabled AI agents to act on behalf of the user
and affect business applications (Hughes et al., 2025).

After the ReAct framework, many innovations, stan-
dards, and implementations that have built on this con-
cept have improved the quality and availability of AI
agents. This includes technical means like planning and
external memory, early implementations like function
calling in OpenAI (OpenAI, 2023), and the release of
standards like the Model Context Protocol (Anthropic,
2024) and Skills standards (Anthropic, 2025). These
standards have created a situation where specific agen-
tic capabilities, like task execution, have become com-
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mon in consumer-grade AI software. For instance, the
skills standard is now supported in tools like Claude
and ChatGPT (ChatGPT, 2026; Claude, 2025).

The ability to interact with other systems, often re-
ferred to as tool calling, is the foundation for agentic
AI. It allows for AI to perform a much broader set of
activities (Hughes et al., 2025). Nowadays, AI is ca-
pable of setting goals, planning to achieve these goals,
and performing the steps of the plan (Hughes et al.,
2025). This includes retrying and changing the plan
when hurdles or unexpected input are found.

This allows AI to not only be usable for content gener-
ation and for brainstorming but also to interact with
traditional software (Hughes et al., 2025). This, in turn,
provides the basis for a world where marketers can
use AI with the systems they already use, like market-
ing automation platforms, customer relationship man-
agement systems, and the like (Hughes et al., 2025).
Hughes et al. (2025) also note applications of agentic
AI that are not specific to marketing, including improv-
ing and automating business processes and developing
actionable insights through data analysis.

2.2. On Agentic AI
While the technological progress towards agentic AI
is highly concrete, the definition of agentic AI varies.
Bandi et al. (2025) identified 12 aspects where agentic
AI might differ from traditional AI; its primary func-
tion was defined as “goal-oriented autonomous decision-
making with multi-step workflow execution.” Moralles
et al. (2026) note that literature converges on four
primary characteristics: autonomy, goal-directedness,
adaptivity, and proactivity. In one sentence, Moralles
et al. (2026) define it as follows: “An agentic system
not only acts independently but does so in pursuit of
objectives it selects, constructs, or interprets.”

In this research, the definition from Moralles et al.
(2026) is followed, which has been simplified in com-
munications with interviewees to two key points: 1.
The ability to act and 2. The ability to take steps in
pursuit of an objective.

While Thapa et al. (2026) describe the potential of
agentic AI for marketing campaign execution from a
theoretical perspective, little academic research has ex-
amined how agentic AI is used within marketing in
practice. There are, however, many calls for research
on this topic. Mogaji and Jain (2024) and Jain et al.
(2024) call for further research on how generative AI is
changing consumer behavior, marketing practice, and
policy. Kim (2025) makes a more specific call for re-
search into advertising in the age of agentic AI. These
calls are consistent with the gap identified in this thesis:
academic literature has begun to address generative AI

in marketing but has not yet developed sufficient empir-
ical understanding of how marketing managers create
value with agentic systems beyond content generation.

Recent work on organizational readiness for agentic AI
shows the importance of the organizational context to
the adoption of agentic AI. Srivastava (2026) provides
a conceptual, non-empirical overview of organizational
readiness criteria for agentic AI, which include strategic
readiness, governance & accountability readiness, work-
force & leadership readiness, data architecture, and
boundary readiness.

Furthermore, Schmidt et al. (2026) describe the con-
cept of process debt as a key concept for leveraging
agentic AI, they note that if you do not know how a
process works (e.g. decision criteria are hidden, data
is not readily available), it becomes difficult to dele-
gate that process to an agent. However, the research
by Schmidt et al. (2026) did not focus on the context
of marketing, did not describe how the manager can
shape these readiness criteria, and Srivastava (2026)
called for research to describe the relationship between
the organizational readiness for agentic AI and the re-
alized value of the agentic systems.

Lastly, Hasselwander et al. (2026) describe a key direc-
tion in which agentic AI is evolving. Increasingly more
functionality and services are exposed through agentic
AI systems, this results in a broadly applicable agentic
AI system that they call the AI super assistant (Hassel-
wander et al., 2026). Systems like these might upend
how one might execute “digital tasks” (Hasselwander
et al., 2026) and in doing so will likely also affect how
companies interact with consumers and how marketers
perform their work.

2.3. Value theory and value creation
with agentic AI
Because the central research question asks how market-
ing managers create value, the thesis requires a clear
but flexible understanding of value. Marketing theory
treats value as a multidimensional construct. Wood-
side et al. (2008) emphasize that customer value is
composed of multiple components; one of the formulae
that they provide defines value as the “relative sum of
total weighted benefits perceived – relative total costs
perceived.” This indicates that value is (1) a balance
between benefits and costs, and (2) is based on percep-
tion.

Furthermore, Woodside et al. (2008) show that benefits
and costs can take multiple forms, like “product ben-
efits” or “emotional benefits”. Almquist et al. (2016)
expand this perspective and provide an overview with
30 different forms of value grouped in the categories,
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one of which is the “functional” category, which in-
cludes values like “saves time” and “reduces effort”.
Other categories address different kinds of needs; for
example, the “emotional” category contains “entertain-
ment” and the “life changing” category contains “self-
actualization” (Almquist et al., 2016).

An example of how this context can apply to AI is pro-
vided by Doshi and Hauser (2024); while not analyzing
agentic AI, they implicitly note benefits and costs of us-
ing GenAI for creative work. They note that when us-
ing GenAI for creative work, individual creativity goes
up (benefit); however, it also reduces collective novelty
(cost).

2.4. Learnings from earlier waves of dig-
ital transformation
Fernandez-Vidal et al. (2022) describe the process of
digital transformation, noting that it generates strate-
gic and operational changes in companies resulting
from the opportunities and threats of digital technolo-
gies. Since agentic AI is a novel digital technology, it
makes sense to analyze it through this lens.

A consistent lesson is the digital paradox: organizations
frequently fail to extract value from digital technologies
despite heavy investment, because technology value is
mediated by complementary assets: the skills, data,
processes, structure, and leadership that surround the
tool (Ancillai et al., 2023). Enholm et al. (2022) and
Holmström (2022) explicitly link AI adoption to digital
transformation. Holmström (2022) frames AI readiness
as exactly this based on similar elements: the capabil-
ities, data, governance, and learning practices an orga-
nization must build before AI produces value. Enholm
et al. (2022) show a link between AI Capabilities and
competitive value, highlighting technological, organiza-
tional, and environmental enablers and inhibitors and
noting efficiency as a key first-order effect, among oth-
ers. Note that both the work by Enholm et al. (2022)
and Holmström (2022) was done before GenAI became
prevalent and well before agentic AI came into play.

Fernandez-Vidal et al. (2022) describe digital transfor-
mation from the managerial perspective. While focus-
ing mainly on technical roles, Fernandez-Vidal et al.
(2022) highlight the importance of management during
digital transformations, noting its role in driving busi-
ness change, managing technical talent, and prioritizing
learning.

Gebauer et al. (2020) describe a concerning pattern
which they call the digitalization paradox; this pattern
notes that while companies often invest significantly
in digital transformation, they often do not yield the
expected returns. Gebauer et al. (2020) note key traps
in the process of digitization, like ignoring customer

needs, applying incomplete accounting, and failing to
build trust among partners.

2.5. Synthesis: sensitizing concepts for
the empirical study
The literature reviewed above suggests that agentic AI
in marketing should be examined within the context
that it operates in, rather than as a standalone
technology. The technical literature explains why
agentic AI is different: it can combine LLM reasoning,
memory, tool use, and interaction to pursue goals
across workflows. The marketing literature explains
why the context matters: marketing already contains
many AI-relevant activities, but value depends on the
connection between technology, customer knowledge,
operations, and strategic decision-making. The digital
transformation literature explains why adoption is
difficult: organizations must go beyond technical
capabilities, considering contextual factors and shap-
ing organizational factors before digital technologies
reliably produce value. The value literature explains
why the outcome is multidimensional: value may be
operational, customer-related, strategic, or co-created,
and it may be accompanied by value destruction.

3. Methodology
3.1. Research approach
Given the exploratory nature of the research question
and the emerging character of agentic AI in market-
ing, constructivist grounded theory, a form of qualita-
tive research, was applied (Charmaz, 2014). Construc-
tivist grounded theory enables researchers to develop
theory grounded in participants’ experiences, meanings,
and actions, while explicitly recognizing that analysis is
shaped by context, interaction, and the researcher’s in-
terpretive role (Charmaz, 2014). In turn, these insights
were collected and converted into theory.

Grounded theory has the researcher iterate and switch
between the collection and analysis of qualitative data;
this leads to surprises and sparks of ideas (Charmaz,
2006). These surprises and sparks of ideas are espe-
cially relevant in a new and evolving field like agentic
AI, where the researchers do not yet have a robust un-
derstanding of where the most relevant insights might
be found.

Blumer (1986) notion of sensitizing concepts was used
to spark ideas to pursue, as they can provide a relevant
start to the research (Charmaz, 2014). A key sensitiz-
ing concept for this research is the concept of value,
particularly as described in the pyramid of value by
Almquist et al. (2016) and the various definitions of
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value as noted by Woodside et al. (2008).

3.2. Data collection
The process for data collection within constructivist
grounded theory is flexible but well-defined, combining
interviews with memo writing and coding (Charmaz,
2014).

The research employed in-depth interviews with two
key stakeholder groups: 1. marketing managers, who
bring the domain expertise and practical experience,
and 2. AI experts who can add additional expert knowl-
edge about the technical possibilities and limitations of
agentic AI solutions. This dual perspective was chosen
to get additional insights on both the technological pos-
sibilities and the current and planned use within mar-
keting. The interaction between these perspectives can
draw out insights that would otherwise be missed and
further inform theory and practice.

In line with constructivist grounded theory, a semi-
structured interview was used (Charmaz, 2014). To
guide initial interviews, a semi-structured interview
guide and protocol were created (see Appendix A).

The process of iteratively collecting and analyzing data
within constructivist grounded theory starts with open,
intensive interviews (Charmaz, 2014). Afterward, the
data is analyzed through the coding process. In this
process, statements from the interviews are categorized
(Charmaz, 2014); this forms the basis for further anal-
ysis. Coding, in its three forms (initial, focused, and
theoretical), forms the link between the interviews and
the resulting theory (Charmaz, 2014). An overview of
the coding process is found in Table 4, and a list of def-
initions for the theoretical codes is provided in Table
3.

Throughout the process, memos were written to cap-
ture the researcher’s thoughts (Charmaz, 2014). Once
tentative categories were established using the coding
process, theoretical sampling was applied, i.e., instead
of sampling for population representativeness, specific
data is sought to elaborate and refine the properties of
the emerging categories (Charmaz, 2014). After reach-
ing theoretical saturation, the point where new data no
longer yields new insights (Charmaz, 2014), the memos
and categories were utilized to write the concrete ar-
guments that form the basis for the new theoretical
contribution (Charmaz, 2014).

3.3. Sample and sample size
In pursuit of the research question, top managers and
experts in the field were interviewed. For the first
group, the marketing managers, a slightly wider scope

than just those with the formal title was used to iden-
tify relevant candidates: the focus is on those who have
a clear managerial role in the marketing team, e.g. a
CMO or marketing manager, but also those who are
leading AI initiatives within the marketing team, i.e.
they might not be the direct supervisor, but they are
leading the change process or implementation. The
second group consists of AI experts; they were selected
based on knowledge of AI and expertise in implement-
ing and rolling out AI systems. This group contains
both technical leaders and technical consultants.

To find sufficient participants, a combination of theoret-
ical sampling (Charmaz, 2014) and snowball sampling
(Parker et al., 2019) was used to identify interview par-
ticipants. The sampling started with the researcher's
personal network, relying mainly on LinkedIn; candi-
dates were selected when their roles matched the selec-
tion criteria. Since the sampling universe was already
narrow and access was limited, no further selection cri-
teria were applied to potential participants. However,
key properties1 about the participant’s role and organi-
zation were noted to facilitate analysis of insights and
potential limitations derived from the sample distri-
bution. Data gathering continued until new data no
longer yielded new theoretical insights. During data
gathering, a circular process of administering was ap-
plied including interviews, writing memos, and coding
data into relevant categories that informed subsequent
interviews (Charmaz, 2014).

Table 1 contains an anonymized overview of the can-
didates, including their background, role, and type of
company. Due to the network of the researcher and the
research institution, most of the interviewees worked
mainly in the Netherlands (11 out of 17 total).

3.4. Trustworthiness
This study is assessed for trustworthiness using the cri-
teria from Lincoln and Guba (1985): credibility, trans-
ferability, dependability, and confirmability. To ad-
dress this topic, strategies adapted from Shenton (2004)
for interview-based projects of limited duration were
followed. The details of this assessment are included in
table form (see Table 2).

The researcher’s academic background in AI and pro-
fessional experience in marketing and AI provided do-
main fluency that aided rapport and probing, but also
introduced a risk of bias towards overemphasizing the
importance of technical aspects.

1These include, for the company, industry, year of founding,
number of employees, and for the employee, the role and age. All
numerical values are bucketed to allow for sufficient anonymity
of the participants.
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Table 1: Overview of participants.

Inter-
viewee

Background Primary role Company type

number Tech-
nical
Data

Tech-
nical AI

Market-
ing

Market-
ing

manager

Internal
AI

expert

External
AI

advisor

Marketing
agency/

consultant

Internal
market-

ing

Other
advisory

role

1 x x x
2 x x x
3 x x x x x
4 x x x
5 x x x
6 x x x
7 x x
8 x x x
9 x x x
10 x x x
11 x x x
12 x x x
13 x x x x
14 x x x
15 x x x
16 x x x x x
17 x x x

Table 2: Trustworthiness assessment

Criteria of trustworthiness How addressed

Credibility concerns the congruency
between the findings and the phenomenon
studied (Merriam, 1998; Shenton, 2004).

The study applied constructivist grounded theory (Charmaz, 2014) with
iterative interviewing, memo writing, and coding. Credibility was strengthened
through triangulation across marketing practitioners and AI experts; iterative
initial and focused coding (Table 4); theoretical sampling; retention of negative
and paradoxical accounts; the researcher had prior familiarity with the field and
applied reflexivity (Section 3.4); and regular thesis-supervisor debriefing on
transcripts, memos, and emerging categories. Member checking was not
conducted (Charmaz, 2014). Theoretical saturation was assessed during data
collection: later interviews chiefly densified existing categories rather than
introducing new top-level concepts, with seventeen interviews completed (Table
1).

Transferability requires sufficient
contextual detail for readers to judge
whether findings may apply elsewhere, not
statistical generalization to a wider
population (Lincoln & Guba, 1985;
Shenton, 2004).

In line with Shenton (2004), information regarding the sampling method,
participant types, and data collection methods are provided (Sections 3; Table
1; Appendix A). Thick description in Chapter 4 and the limitations in Section
5.3 allow readers to judge whether findings may apply in comparable settings.

Dependability concerns whether the
inquiry process is consistent, auditable, and
reported in enough depth that a future
researcher could follow the same steps
(Shenton, 2004).

Interviews were transcribed; transcriptions, memos, and emerging models were
reviewed in regular debriefing meetings with the thesis supervisor (Shenton,
2004). Anonymized data were submitted to the research institution for
examination. The research design, field procedures, and reflective appraisal are
documented in Chapter 3 and Appendix A (Shenton, 2004). Triangulation
across marketing managers and AI experts provided overlapping methods. The
code structure is reported in Table 4 and supporting quotes are provided.

Confirmability requires that findings
emerge from participant accounts rather
than researcher predisposition (Lincoln &
Guba, 1985; Shenton, 2004).

In line with Shenton (2004), analytic memos recorded reasoning separately from
transcript text; preliminary interpretations that were not supported by later
data were revised or discarded. Findings claims are anchored in participant
quotations (Chapter 4). Reflexive documentation of the researcher’s marketing
and AI background and sampling implications appears in Section 3.2.

Table 3: Definitions of the theoretical categories

Theoretical category Definition

Observing external conditions The managerial behavior of monitoring and interpreting the changing context outside of the
organization.

Navigating the organizational context How managers steer or move around conditions within the organization.
Applying agentic AI Using or implementing agentic AI systems within the organization, across key marketing

use cases.
Obtaining value outcomes The value obtained from the agentic AI initiative.
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Table 4: Overview of code development

Open coding Focused coding Theoretical coding

AI's improvement & potential; Observing increasing AI adoption; vendor
roadmaps & offerings

Observing AI
progression

Observing external
conditions

Competitor pressure; Changing consumer behavior; The rise of agents of
consumers

Observing Market
pressure

Resistance to change; Limited AI literacy; Lacking systems thinking; Analysis
paralysis; Absent innovation culture; Strategic direction & vision; Senior
leadership buy-in & backing; Educating & training; Experimenting with AI;
Bringing people along; Providing clarity; Providing leadership backing;
Championing AI

Steering the marketing
department

Navigating the
organizational
context

Lacking data & infrastructure; Lacking technical talent; Leveraging data
availability; Leveraging the right tooling; Leveraging external experts & vendors

Leveraging technical
resources

Restrictive compliance & legal gatekeeping; Politics & working in silos;
Navigating restrictive governance

Dealing with
compliance

Generating insights Generating insights Applying agentic AI
Creating & validating content & campaigns Creating & validating

content & campaigns
Using generic agents; Automating processes; Leveraging tool calling;
Personalizing agents

Utilizing generic agents
for personal work

Deploying customer-facing agents Employing
customer-facing agents

Gaining efficiency & speed; Gaining scale; Extending the personal skillset;
Improving quality of output

Obtaining Benefits Obtaining value
outcomes

Incurring financial costs; Displacing jobs Obtaining Sacrifices
Risking hallucination; Risking security & privacy violations; Risking brand
degradation

Obtaining Risks

4. Findings
The findings indicate a wide range of applications and
use cases of agentic AI in marketing. Additionally, a
clear pattern of managerial behaviors emerged that en-
ables and stimulates the adoption of agentic AI and
mediates value creation from agentic use cases. Fur-
thermore, notable impact is observed stemming from
the organizational context (internal and external) on
the adoption of agentic AI and the value creation from
agentic AI.

Figure 1 presents the resulting process model. It shows
how the studied marketing managers observed an impe-
tus for change in their external environment; navigated
the organizational conditions that enable or constrain
the implementation and use of agentic AI within the
organization; applied agentic AI through specific use
cases; and obtained value outcomes.

4.1 Observing external conditions
The process of creating value using agentic AI starts
with the manager observing changing conditions that
signal a pressure or an opportunity to change. Observ-
ing refers to the managerial process of monitoring and
interpreting the organization’s changing context. With
regard to agentic AI, two key categories of external con-
ditions that sparked change have been identified: the
progression of AI itself and market pressures.

This observation process typically leads both marketing
managers and AI experts to recognize the significant
impact of agentic AI. As interviewee 7 noted, “We’re

living in an era of change, and we’re living in a change
of era simultaneously.” Interviewee 6 began incorporat-
ing AI across all parts of her organization, noting, “So
I’m of course responsible for commercial, but … this is
the future for our company!”

4.1.1 Observing AI progression

The first external condition that the marketing man-
ager might observe is AI progression. This concept
describes how AI is evolving in the marketplace; im-
proving in quality, gaining new capabilities, and be-
coming more widely adopted. Managers observe this
pattern; how they respond is developed in section 4.2.
Marketing managers and AI experts consistently de-
scribe agentic AI as fast-moving. Interviewee 14 noted
“These developments are going so fast, they really go in
a hockey stick. … What was spectacular within Gemini
is taken over all at once by Claude the day after.”

Interviewee 8, who builds agentic systems and explic-
itly tracks model performance, described having aban-
doned systematic model comparison as a practical ne-
cessity, “What I originally used to do was test every
single model that would come out. The iteration was
slow enough that it could be done. Now I can’t even
keep up.”

The progression of agentic AI also affected this research.
As agentic capabilities became more commonplace, the
separation between agentic and non-agentic AI became
less obvious to interviewees. Interviewee 12 noted,

People call things agents that you could de-
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Figure 1: How managerial interventions drive value creation using agentic AI.

bate and say, “I don’t know, is that really
an agent? How agentic is it?” You know,
how much autonomy, how much decision-
making? It, it’s, it’s become almost a mar-
keting term, uh, more so than a technical
definition. … You know, a lot of it comes
down to it’s like a continuum of being more
agentic or less agentic.

While most interviewees describe the progression of AI
with enthusiasm, interviewee 4 noted that it can also
be overwhelming,

It goes so fast that [employees] get over-
whelmed. I think a lot of people feel that
they’re drowning. I think I told you, last
year that I made a conscious decision not
to be an expert in all the models, but in
the way you implement these because you
can’t keep up.

The rapid progression of AI can also be seen in the rate
of productization of AI. While marketers might feel like
they are drowning, the release of agentic AI solutions
by existing vendors can offer a safe haven. Interviewee 1
noted that “most of the thinking behind an AI strategy
comes from their default supplier; it’s Microsoft’s AI
strategy or IBM’s AI strategy, because that is their
source of knowledge.” Interviewee 2 described a similar
pattern, “We are mainly relying on the products that
we use and agents that they provide us with.”

Observations can also be misleading, as agentic
capacity is frequently presented as operational well
before it truly is. Interviewee 9 acknowledged this
directly: “I think we sometimes present something
a certain way while we’re trying to actually make it
that way in the background.” Interviewee 12 described
the same pattern, noting that organizations “say that

you have something that you don’t really have, and
then you go and build it really quickly.” Notably,
even though this pattern was observed, none of the
interviewees doubted the underlying value of agentic
AI; the concern is inflated expectation. As interviewee
11 cautioned, “The big thing is hype. So AI is being
overpromised all the time. And we have to reduce
expectations.”

4.1.2 Observing market pressure

A second external condition frequently observed by
marketing managers that affects the adoption of
agentic AI is market pressure. Market pressure is
defined broadly as a combination of two categories:
pressure from competitors and customer needs or
demands. Interviewees note shifts in both categories.
Regarding pressure from competitors, interviewee 9
noted how different marketing agencies are looking
at each other’s offerings and trying to mimic what
others are doing. She noted that organizations are
primarily trying “to get to parity in the present with
what they’re saying they can do”, to ensure “speed
to market” and “staying competitive”. Interviewee 13
noted the value of learning from competitors,

Talk to your peers at conferences. I think
this needs to happen more on the C-level,
that they exchange ideas with their peers,
because that’s actually where they will un-
derstand the quickest what the benefit is,
and this makes it a lot better, right?

Participants described organizations feeling compelled
to demonstrate AI capability, primarily to avoid the
perception of falling behind rather than to generate
novel value. When it comes to competitive pressure,
the dominant managerial posture is defensive rather
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than offensive. Interviewee 8 captured the organiza-
tional reaction to new AI initiatives, “Almost every-
one’s been very positive about it because they want to
not be left behind, you know?”

Consumers’ expectations might change as market offer-
ings evolve, but consumers are also using AI themselves.
Interviewee 12 notes that “agents of consumers” might
be the development that is “most disruptive to market-
ing” as they are a “new intermediary” and potentially
create “agentic commerce.” Regarding the position of
agents of consumers intermediating search, interviewee
14 observed, “the world of search is now changing. And
fortunately it’s not going as fast as everyone thought
it would change.” For marketing managers, this shift
translates directly into a new operational concern: the
need to be visible within AI systems rather than only
within traditional search engines. Interviewee 3 de-
scribed this as an active focus area for her team this
year, observing that organic search and paid search are
“becoming less and less relevant” as AI-powered queries
grow.

Looking further ahead, some interviewees described a
shift that is not yet operational at scale, but is already
shaping how they think and invest. Interviewee 15, a
CMO at an e-commerce company, expects consumers
to let their AI agents make purchasing decisions. She
notes:

I think people are going to use this much
more to come to decisions and make
purchases to some extent. So people will,
maybe not yet, but later they’ll just give
their credit card details to an LLM and it’s
going to buy things for them on request.
Or maybe even on a schedule.

This belief was the impetus for the decision to create a
model context protocol server for agents to use to pur-
chase their products. Likewise, interviewee 14 noted
a future where “agents in the background are talking
to each other”; he continues to note a wide variety of
tasks that these agents might perform, like purchasing
licenses and responding to emails.

There’s no longer doing business with a hu-
man. But there’s a bot, a project, an ar-
tifact, whatever we’re going to call it, that
goes to the platform. The platform there-
fore probably also needs to look different.
And it’s going to search for information, se-
lect a product, make comparisons. So that
for me is the further form of agentic AI.

This scenario is mostly anticipated rather than experi-
enced. However, it already leads organizations to make
anticipatory investments.

4.2 Navigating the organizational con-
text
Navigating the organizational context describes how
managers steer or move around conditions within the
organization. The organizational context can be di-
vided into three key scopes: (1) The marketing depart-
ment, which the manager can steer to create alignment
with AI initiatives; (2) Technical resources, which can
be leveraged to implement AI initiatives. (3) The com-
pliance framework: this bounds the potential for AI
initiatives, and marketing managers do little to influ-
ence this framework.

4.2.1 Steering the marketing department

The most consistently identified barrier to adopting
agentic AI is not technical but organizational. Inter-
viewee 14 notes: “Thirty percent of all AI trajectories
is just technology; sixty to seventy percent is actually
us as humans or as an organization.” The main obsta-
cle seems to lie in the size of the changes that AI brings;
interviewee 12 describes change as inherently difficult,

Change is frigging hard. It’s hard for us
as individuals. Generally speaking, indi-
viduals don’t like to change, particularly
if they’ve been doing something a certain
way, and it works well, and it works well,
and they know it, and they’re comfortable.
[…] That challenge gets multiplied when
you start talking about an organization
… you’ve got all multiple people, you’ve
got politics, existing incentives, existing
processes.

The manager plays a key role in this process of change.
As interviewee 4 put it, “In leadership, you need to set
goals. You need to inspire people to believe in what
you are doing and pull the people together”. Steering
the marketing department involves the managerial ac-
tivities that help the marketing department prepare for
change and guide it through the accompanying process.
Managerial behaviors that comprise the steering of the
marketing department include: bringing people along,
stimulating experimentation, and setting direction.

The most prevalent of these steering activities is bring-
ing people along which is involved with ensuring that
employees feel and are ready to adopt AI. This form
of steering seems to decrease resistance and helps em-
ployees adopt AI. An important part is making people
feel valued during the changes of AI, as interviewee 4
noted, “people, uh, are drinking from a fire hose. And
they need to have that leadership that tells them their
importance, they’re part of the team, and their work
matters.” Interviewee 13 connected this to the process
of change: “Yes, we will automate these kind of things,
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but that still means someone needs to look over this
automation. You can learn to do this”.

Some employees might have a natural tendency to lever-
age the potential of new technology like agentic AI. For
instance, interviewee 3 noted: “I am intrinsically mo-
tivated to use it, because it makes life so much easier.”
However, many require additional guidance. Intervie-
wee 9 describes that when you want to bring people
along, you need to get in touch with them and become
concrete about how they can create value with agentic
AI.

People don’t know it, so they just go back
to doing their own thing until someone puts
it right in front of them and says, this is
what it is and this is how you use it in your
day-to-day

Interviewee 4 describes a similar pattern in which he
provides peer coaching to his colleagues. He describes
his… “training sessions with my coworkers, showing
them the agents that are being developed, or that they
themselves can develop an agent. […] It becomes some-
thing that they can quickly go back to and work effi-
ciently with.”

While education and training are important compo-
nents of bringing employees along, it is also vital at
different levels of the organization. Interviewee 10 de-
scribed a three-level model:

Help people learn what AI can do […] leader-
ship, middle management, and employees,
each with different focus. Leadership must
understand where AI is heading to create
strategic horizons. Middle management
must learn how to facilitate and structure
experimentation. Employees must learn
that AI is more than writing emails.

Another aspect in which they steer the marketing de-
partment is by stimulating experimentation, which in-
cludes incentivizing and supporting learning through
trial and error. This behavior is primarily a response
to the need to act amid uncertainty. Interviewee 12
was direct: “You have to act. You can’t just be in
a mode of studying this or writing memos about it.”
Interviewee 4 observed the cost: “We spend so much
time debating which shot we have to take that that is
already some cost.”

Managers respond by creating structured opportunities
to learn by doing. Interviewee 6 summarized the ori-
entation: “I’d rather have something live and test and
improve than be two years down the road and then fi-
nally have something live,” and Interviewee 15 echoed
this bias toward action: “we’re more of the just-do-it
type than mitigating all risks in advance.” Interviewee

12 described that it can be highly beneficial to have a
safe space for experimentation, “the factory where the
trains are running on time” alongside “the laboratory,
where you’re in a position to experiment and try things
and have things fail and break.”

Crucially, this experimentation depends on leadership
backing. Interviewee 13 described enabling it at the
team level: “Provide freedom to experiment and don’t
set this atmosphere of fear that AI is going to replace
you.” Sustaining it requires endorsement from above,
because, as Interviewee 12 noted, early learnings “don’t
always provide immediate returns” and so must be de-
liberately supported. Interviewee 8 described how de-
cisive that backing was: “She just let me go and run
[...] the buy-in of my immediate management is pivotal
to what I do.” Such backing can also unlock resources
directly; Interviewee 8 recounted leadership absorbing
AI spend so that “anyone within the corporation can
use it for free.”

A third aspect of steering the marketing team is set-
ting direction: naming where the team is going with
AI and giving that direction force. The first part is
clarity: describing where the organization is heading,
which use cases matter, and what success looks like.
Interviewee 6 captured the posture: “This is the vision.
This is where we’re going. Help me get there.” Inter-
viewee 1 noted the cost of its absence: “If you don’t
have clarity, jumping into execution will only surface a
lot of problems.” Interviewee 10 located where clarity
most often breaks down: “Middle management is often
forgotten, but they receive strategic targets and must
operationalize them. That’s where much of the friction
sits.”

Frequently, the impetus for the strategic direction of
agentic AI is provided by an AI champion, who is
typically a manager or technical employee backed by
superiors. They are often driven by personal initia-
tive. Interviewee 9 described how disproportionately
impactful such a person can be: an internal platform
“created originally by … our director that dabbles in
development … has blown up, and so now there’s mil-
lions of dollars of funding.” Interviewee 8, who fits the
description of an AI champion, describes his approach:
“There’s a new thing out, it takes me five seconds to
test it, and then I know if it’s ready for something that
we might want to deploy. And at that point, I try to
get buy-in.” Champions typically combined technolog-
ical know-how with business acumen, enabling them
to produce examples that set direction and earn senior
support.
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4.2.2 Leveraging technical resources

The second scope of internal conditions concerns the
technical resources on which successful implementation
and use of agentic AI depends. Leveraging technical re-
sources concerns managerial behaviors that use techni-
cal resources such as data, tooling, data infrastructure,
and technical talent to implement agentic AI systems or
improve their functionality. The use of these resources
is typically described implicitly in conversations. How-
ever, when resources were not available to be leveraged,
they were typically described as barriers to agentic AI
initiatives. While some of these resources might reside
in the marketing department, many do not; that dis-
tinction shapes how much the manager can do about
them. Interviewee 6 captured the resulting relation-
ship: the chief marketing officer (CMO) should be “the
CTO’s best friend,” because the chief technology offi-
cer’s (CTO) cooperation is necessary to execute her
vision.

When resource conditions are available, managers can
respond by leveraging them to pursue initiatives with
agentic AI. However, critically, the data shows no clear
patterns of trying to alter these conditions. The limit-
ing factor might be that technical resources often stem
from other teams outside the marketing department’s
direct control.

Leveraging data and technical infrastructure emerged as
the primary technical prerequisites. This ranges from
having data to ensuring it is accessible in the right sys-
tems, a process typically facilitated by technical infras-
tructure. Without accessible data and tools, agentic
systems cannot act within those tools or interpret the
data, limiting the ability of agentic AI to act within
the organization. Interviewee 10 noted the impact of
this limitation, “Technology strongly defines what can
and cannot be done in marketing. Your MarTech stack
bounds what personalization you can do”. Interviewee
2 notes that a lack of these capabilities is the core rea-
son his organization is behind in AI adoption, stating,
“We are just in the first steps towards [AI] maturity,
and the core reason is: the infrastructure is not yet in
place, and the workload is really big.” Interviewee 10
laments how far many organizations still are from this
foundation: “How badly we still handle data. We keep
saying data isn’t in order and it’s hard.”

However, when technical resources are available, they
help accelerate the process. Interviewee 11 put his or-
ganization’s smooth adoption of agentic AI down to
prior experience with data processing and classical AI,
noting that “we have been invested in our data opera-
tions for a long time” and that “a lot of the data people
already did a lot of deep learning … [which] helped us
a lot.”

However, interviewee 13 notes that you do not always
need advanced data infrastructure or technical skills to
access data with agentic AI. He notes,

You can just dump your data …, not even
dump your data. You just tell the agent, ‘I
have data in this source, this source, and
that source. Please look at it’. Then this
agent grabs all the data from different tools.

Marketing managers might also leverage technical tal-
ent; this can refer to letting employees with the right
capabilities build, implement, or integrate agentic AI,
but it can also refer to letting employees with the right
abilities shape the required context for agentic AI. Here,
the data shows more explicit mentions of the lack of
this resource than of its utilization. Interviewee 6 was
direct: “we don’t have the skills yet to actually do it.”
Interviewee 2 described an organization with “a lot of
people” overall but “not a lot of people working on
the digital [marketing] landscape.” Interviewee 13 ar-
gued that this gap, more than the technology itself, is
where initiatives fail: “you buy gen AI, you buy a big
tool, you have no one taking care of that,” Interviewee
5 captured how the bottleneck has shifted: where the
technology “used to always be very cumbersome … the
most expensive part,” the limiting factor is now “hav-
ing the right people … available.”

Notably, the need for talent goes beyond pure engineer-
ing. Experts describe a need for a key analytical capa-
bility: the ability to analyze the process and systems in
play that might be automated with agentic AI. Inter-
viewee 13 described this as the root cause behind many
apparent AI failures:

The stupidest example is … people want
to understand their marketing data bet-
ter. And it’s really just like you have 20
different sources, you don’t know how to
connect them, you don’t know how to put
this all together. … The culprit is really
still they don’t understand what the issues
are.

Similarly, interviewee 10 notes,

In many marketing teams it’s very clear
what the output is, while the way people
get to that output is poorly refined … the
marketing manager has no idea how people
get to the output. So how on earth can you
then decide what to automate?”

Interviewee 1 noted why marketers might struggle to
analyze these processes, noting they might find “per-
ceived value in sitting on complicated processes” and
“find comfort in bespoke engagements” with technology.
She adds:
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I think there is a component that is science,
which could be automated, and there’s a
component that is art, which is the creative
and whatever. But you need to decouple
the art from the science and use technology
for what it’s worth.

Interviewee 1 added to this that this type of deep pro-
cess knowledge (a feel for system logic) is precisely what
is hardest to augment with AI, because it requires a
level of structured thinking that many teams have not
yet developed.

When technical talent is lacking, the most common re-
sponse is to source it externally. Interviewee 6 was
blunt about the alternative, “using experts externally,
because if we would’ve waited for people internally …
it would’ve been a major blocker,” the internal route
meaning “I’m going to wait two years before I get space
on the backlog.” Interviewee 13 described the same
move, in which internal teams were overwhelmed: “we
are now really building a big clean room with another
company because the internal IT team is completely
overwhelmed.” Yet the interviewees were clear that the
bypass carries a cost. Interviewee 13 warned that while
“agencies give you a kickstart,” the real danger is that
“too many companies make themselves dependent on
external workforce,” leaving “no one internally who un-
derstands how this is working”; the knowledge ends up
held by freelancers rather than the organization. Rout-
ing around the bottleneck buys speed now at the risk
of dependence and stalled capability later.

4.2.3 Dealing with compliance

A final steering behavior managers engage in is dealing
with compliance. This concerns accepting or circum-
venting the internal compliance policies typically set
by the legal and IT departments. Marketing managers
seem to accept the compliance frameworks as they are;
no attempts to alter or negotiate compliance policies
were observed. However, they do note it as a signifi-
cant barrier that they have to deal with. Interviewee
13 observed a pattern in large enterprises:

They [employees in enterprises] are not al-
lowed to use agentic AI a lot … there’s this
weird distinction people make. It’s totally
fine to buy any kind of tool you don’t know
anything about and put it [data] into the
system. But agentic AI? That’s completely
out of the question.

This can also indirectly affect AI adoption by limiting
the collection or exploitation of vital resources, such as
data. Interviewee 13 describes “Companies are already
afraid to use certain tools because ‘how does it look on
the GDPR side?’, ‘are we allowed to track data from

our customers?’ ”. Interviewee 10 notes the impact of
restrictive compliance policies on the culture: “First
everyone does bring-your-own-AI; then someone says
‘this is maybe not such a good idea’ and suddenly ev-
erything is banned. Then the most enthusiastic people
either disengage or leave”. Interviewee 6 noted that re-
strictive compliance policies can prevent organizations
from learning: “If we would’ve been stopped at the
beginning, ‘You cannot use this system because you’re
already on this system’, I think that is something that’s
really holding people back.”

Marketing teams sometimes work around the compli-
ance policies, or ignore them altogether. Interviewee 15
noted, “If your company says it’s not allowed, well then
I would still do it privately … not with your company’s
data or insights, but think up your own things and go
experiment with it” Interviewee 13 noted how shadow
IT, i.e., software that is used without IT’s approval,
is used to start using agentic AI, where “Shadow IT
can be a very good lighthouse project to make people
understand what is possible.”

These elements of the organizational context are con-
sistently described as important enablers of or barriers
to the effective use or implementation of agentic AI.
When the right environment is in place and the AI
initiatives within the marketing department are effec-
tively steered, applying agentic AI becomes easier and
more beneficial.

4.3 Applying agentic AI
Applying agentic AI refers to using or implementing
agentic AI systems within the organization. Key
use cases used within the marketing department
are analyzed, including generating insights, creating
and validating content and campaigns, utilizing
generic agents for personal work, and employing
customer-facing agents.

4.3.1 Generating insights

Marketers can use agentic AI to gather insights, which
is defined as performing analytics on any form of in-
formation, including both structured and unstructured
data and internal and public sources. Interviewee 3
noted, “Analytics is the place where we use [agentic
AI] the most.” Interviewee 15 added regarding this use
case, “It does start with those insights, of course. And
those insights you can then use to elevate your market-
ing automation to another level.” Others emphasized
the capability to ingest unstructured data; interviewee
11 discussed doing “analytics at scale”; he noted that
it used to be the case that “a consultant has to plow
through a lot of [data regarding] competitors and a lot
of content, and now an AI can do most of that work”.
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A wide variety of scenarios in which marketers might
leverage agents to generate insights were observed,
including analyzing campaign performance, customer
journeys, and market research. Yet users’ experiences
applying agentic AI to generate insights diverged
depending on the available data and the integration
with data sources. Interviewee 4 reported highly
beneficial results after connecting an agent to live
data sources, turning reporting that once occupied
a “giant analytics team” into a prompt answered,
“within ten minutes.” Interviewee 3, pursuing the
identical goal, met the opposite experience: her tool
“can only digest so much data […] if I try to dump
anything over 30 [megabytes], it […] doesn’t do it.”
This forces manual workarounds: she notes “I pull the
data from [the warehouse] myself, dump it in, and
then have it analyzed.” This was required because the
organization’s data layer was, in her words, “not there
yet.” The models were equivalent; the connectivity
was not.

4.3.2 Creating and validating content and cam-
paigns

Marketing teams can also use AI agents to engage in
creating and validating content and campaigns, this
refers to the entire process from ideation to publish-
ing the full campaign, but also includes the technical
elements of the campaigns like segmentation and tar-
geting. While non-agentic AI can be used to create con-
tent, the agentic capabilities play a vital role in validat-
ing content and orchestrating the surrounding process.
Interviewee 6 describes that they build a “modular sys-
tem” for content creation, deployment, and evaluation:

AI makes sure that the right elements [copy
assets] are matched together and are deliv-
ered, and then it’s checking which one is
performing best in terms of full asset scope.
And then it creates new ones […] and then
delivers that again to an audience that it
thinks it’s most relevant for.

Interviewee 9 describes a similar system that is focused
on deploying campaigns across different cultures:

We have something called [redacted], which
is a custom journey tool, and it’s basically a
large language model where you constantly
build up cultural insights. […] So it can
push through the end-to-end process with
minimal human interaction. […] [redacted]
takes those cultural insights and creates a
brief. The brief then creates a content ma-
trix.

Regarding content creation, interviewee 11 notes the
ease with which you can scale output when using AI

given the right circumstances “about a thousand web
pages fully automated” for one client and judged it
a success, “in that use case, it worked. Because it
was very standardized.” Confronted with creative,
brand-led work, the same operator using the same
tools reached the opposite verdict: “once you have to
have more creativity in the output and also if it needs
to be on brand […] AI still falls very, very short.”

Interviewee 12 also noted the ability of agents to seg-
ment and target users, “There’s a bunch of agents here
for actually creating campaigns for marketers, doing au-
dience segmentation for marketers, audience assembly,
a lot of things.” He notes that this can be done with
“a composable CDP on top of cloud data warehouses
like Databricks and Snowflake.” Noting that this com-
posable CDP has “a very agentic approach”.

4.3.3 Utilizing generic agents for personal work

Marketing teams might also be utilizing generic agents
for personal work, which refers to the use of general-
purpose agentic systems (e.g. Claude or ChatGPT)
to improve personal productivity or automate manual
processes. Interviewee 4 notes how he configured an
off-the-shelf agent as “personal operating system”,

[Claude] CoWork can help me build out my
workflows and operationalize all the things
that I do, to get more efficiency out of my-
self. […] I just migrated beginning of April
to Cloud Code, with an Obsidian database,
with all my files on GitHub, and Notion as
a human interface. […] My productivity just
went 10X.

Many use cases seem to be applicable to any type of
knowledge work and might not be more or less relevant
to the marketing domain. For instance, interviewee 13
describes using agents to prepare for meetings: “Claude
goes into my transcription tool, gets all the different
transcriptions of meetings for this one customer and
starts writing down what I should talk about.”

A specific use of these generic agentic systems is process
automation. Often participants do not hand the entire
job to an agent; they segment a process and insert AI
where they trust performance. Interviewee 10 set out
the model plainly: “I see process steps inside workflows.
If work is a stack of workflows, then most processes can
be split into six or eight steps, and in some of those
steps AI is used.”

Likewise, interviewee 13 described how they automate
processes using generic tools with agentic capabilities:
“We used Make and n8n for, like, automating all the
workflows. … You say, ‘I get this data from this tool. If
this happens, do this.’ … And this substituted at least
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for two or three people.”

4.3.4 Employing customer-facing agents

Marketing teams might also be employing customer-
facing agents, which refers to letting consumers com-
municate directly with agents of the organization. Ap-
plications where this occurs include customer-service
and sales-assistant agents that handle routine queries
and recognize commercial moments (e.g. upsells, mem-
bership changes, and re-orders).

Interviewee 12 noted that these agents have, over the
past two years, crossed a quality threshold they pre-
viously never reached: “they’ve actually gotten really
good because they’re leveraging the conversational ca-
pabilities of these LLMs.”

Interviewee 6 described a chatbot program that com-
bines customer-experience improvement with direct
commercial outcomes. She notes that this chatbot is
built around the idea of “doing everything right for
the customers… ultimately they [customers] will spend
more with us, and we’ll be more commercially suc-
cessful”. The same agent that handles a membership
question can identify an upgrade opportunity and
execute it. She notes that she was able to scale this
project rapidly because she could expand upon an
existing pre-LLM chatbot and because she had “full
trust from my board,” because “it was really because
we had commercial success first.”

Interviewee 15 took a different approach; instead of
offering the agent to a customer, she now offers support
for her customers’ agents. She notes that this approach
is still in the exploratory phase, “the value there now is
actually the experimenting and staying ahead of that
wave.” She describes the solution,

We have built a connector for one of our
web shops that you can connect to Claude,
and tell Claude: Fetch all my orders from
[redacted] or I want to reorder that order.
And then via that connector it actually re-
orders that order.

Interviewee 12 describes this conceptually: “I think this
is actually the most disruptive to marketing; this is
what I would call agents of customers.” He adds, “It’s
going to be a huge disruption because it is almost like
we have got a new intermediary between us as seller and
the human buyer.” He wonders, “How do we engage
with this generation of agents of customers?”

4.4 Obtaining value outcomes
Applying agentic AI creates outcomes for the organi-
zation. These are analyzed from a value perspective.
Woodside et al. (2008) note that value has a benefits

and costs component. Benefits concern features of the
outcome that benefit the team, organization, or cus-
tomer. To provide an even sharper overview of the
marketing managers' experience, costs are also split
into two categories: sacrifices and risks. Sacrifices are
defined as aspects of an outcome that are negative to
the organization and are highly likely to materialize;
risks are defined as the potential aspects of an outcome
that would be negative to the organization but where
the likelihood of the outcome is unlikely or highly un-
known.

4.4.1 Benefits

Benefits from agentic AI in marketing cluster around
four themes: efficiency, scalability, extension of per-
sonal skillsets, and improvements in the quality of out-
put. When asked about the benefits of agentic AI, in-
terviewee 3 notes “It is so much faster, so much easier
[…] essentially, speed, accuracy, depth of insights, those
are really helpful.” Some participants put a figure on
the overall return: Interviewee 6, asked to estimate the
ROI of her agentic initiatives, settled on “Let’s say 10X.
Because it’s not two and it’s also not 200,” noting that
the business case “is so easy to make that I’m happy
to spend a bit more everywhere.”

Efficiency, defined as the ability to perform a unit of
work with less effort, forms the largest and most con-
sistently described benefit. This might take the form
of doing more with the same amount of effort. Inter-
viewee 3 put a concrete figure on this, describing anal-
ysis that “would’ve taken, like, a week to put together”
now turned around “within, like, two hours.” Intervie-
wee 12 notes “the efficiency thing is real.” He cautions,
however, that this benefit is not a durable advantage:
“it’s not a competitive advantage, certainly not in the
long term […] everybody is gonna get the benefit of effi-
ciency through AI, so it’s not really gonna be a way to
distinguish yourself from your competitors.” Similarly,
interviewee 10 states “I think value sits primarily in
efficiency, at least for now”.

Efficiency can also materialize as speed. Interviewee 9
noted “speed to market” as a key benefit. Interviewee
12 connects this to the ability to experiment, stating:
“Because it accelerates the time to creating something,
and it can do it at typically a much smaller cost, you
have the ability to run more experiments.” Speed also
has a knock-on effect on how quickly an organization
can react to changes: for example, interviewee 4 set up
“competition research agents that come back with every
change that they made on their landing page, pricing,
et cetera, so you can respond faster.”

Scalability refers to the ability to do more units of work
with the same amount of effort; typically, this requires
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the units of work to be of a similar nature and typically
requires operations to be performed in bulk. Scale is
the benefit most clearly impossible without AI. Inter-
viewee 14 related scaling AI to having an army or in-
terns, stating, “It actually works quite the same, and
now we have whole armies of those super interns”. Scale
is typically related to generating large amounts of con-
tent, many variations for personalization beyond what
a marketer could do, or with automating processes that
would take manual effort. The magnitudes described
are striking. Interviewee 8, asked how his team pro-
duced advertising at scale, recalled that copy which
“would take probably about a year” by hand was gener-
ated “within… a week” through an AI workflow. Inter-
viewee 9 stressed that scale also means variation no per-
son can match: “a human can only think in so many…
variations,” whereas the system “can create all these
different versions of a campaign.”

Extending the personal skillset refers to the ability to
perform tasks with agentic AI that would typically lie
outside of the skillset of the user. This is the benefit
described with most enthusiasm across interviews. Par-
ticipants repeatedly described AI enabling work they
could not previously do, typically relating to techni-
cal capabilities. Interviewee 12 captured the broaden-
ing of individual capability: “it sort of expands the
range of creative possibilities and capabilities that an
individual can do.” Interviewee 10 described the down-
stream organizational effect: the social media manager
“suddenly becomes a designer and app concept creator.”
The same dynamic reshapes the seniority mix of work:
interviewee 7 reframed the business case around AI-
augmented juniors, noting that where a campaign once
required two senior marketers, “I don’t need two of
those guys, I need one, a junior, and he can do the
same thing.”

The opposite idea is also described. AI is seen as be-
ing comparable to a junior employee for many tasks.
This led interviewee 10 to warn, “you no longer de-
velop juniors into seniors … a major risk: no new talent
pipeline.”

Improvements in quality of output come in various
forms; the agentic system produces better output
than a human would otherwise provide. Interviewee
3 noted increased “depth of insights” in AI-generated
reports. Interviewee 10 notes “I find the output
quality absurdly good. If you are clear about what you
want”, and interviewee 5 noted how they upgraded a
large content library with AI, improving the quality
compared to the human-made originals.

4.4.2 Sacrifices

Alongside benefits, participants describe a set of sacri-
fices; things that are knowingly given up or altered as
a consequence of AI adoption. Two key categories arise
from the data: financial costs and job displacement.

Financial costs are the total financial expenses incurred
in implementing and operating AI systems. AI is not
cheap. Infrastructure costs, API usage, vendor licens-
ing, and the investment required to implement and
maintain AI systems are consistently identified as real
costs. Interviewee 7 noted: “AI is also very expensive.
That’s something that we don’t take into considera-
tion.” The scale of commitment can be substantial: in-
terviewee 9 noted her agency had invested “millions in
our agentic tool chain.” Several participants also cau-
tioned that current prices understate the eventual cost;
interviewee 16 observed that “a lot of AI is subsidized
now” and expected that “these prices will go up” as the
market matures.

Job replacement refers to the loss of jobs or drastic
changes in roles. Job replacement is acknowledged
across interviews as a potential downside of using agen-
tic AI. However, while this might be a logical mirror
to the increased efficiency, only interviewee 7 describes
an occurrence of job loss, “What happened is we fired
half the people, right? That’s terrible, I did not sleep
for a week.” Interviewee 4 noted the general attitude,
“people should be very afraid that their job is totally
going to be different. And if you don’t change with
the job, you find yourself out of a job.” In other exam-
ples, interviewees describe more or different work being
picked up. Interviewee 13 notes regarding job displace-
ment: “this might happen, that you get redundancies,
but it is not the way I think companies are doing it
right now.”

4.4.3 Risks

Risks differ from sacrifices in that they represent po-
tential rather than certain negative outcomes. Three
risk categories are prominent: hallucinations, security
and privacy violations, and negative brand impact.

Hallucination risk refers to the chance that AI might
provide incorrect answers that are not consistent with
the provided information. While it is often noted, it is
rarely described as an impactful issue. Interviewee 11
notes hallucination as a risk, but adds, “Hallucinations
do not happen that often”. Interviewee 10 noted, “Hal-
lucination is not your biggest blocker right now, and
definitely not a reason to delay”. Interviewee 12 noted
the need to stay aware of it:

I do not think of AI as being infallible. […]
If you don’t have an understanding of your
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domain, then just sort of blindly trust AI, I
think most people would agree that is kind
of a risky place to put yourself in.

While AI can give erroneous output, it is logical to
compare that to human mistakes that would have oc-
curred otherwise. Interviewee 3 noted that “Sometimes
in analysis, people find data points to prove their point
versus being objective about what the data is saying to
you.”

Interviewee 13 relates the performance of AI agents to
a mediocre employee:

You can always build something very
quickly that gives you the same informa-
tion as if you would have an analyst sitting
there. It’s not as good as if you would have
a great analyst, but it’s pretty much the
same as if you have a mediocre one and
still have to sense-check what comes out of
it.

Characterization of agentic AI as equivalent to “a
mediocre analyst that you still have to sense-check”
implies a standard where some level of error is accepted
as normal and managed through review, the same
standard already applied to human junior analysts.

Security and privacy violations are also most consis-
tently noted as risks. The concern centers on data that
enters AI systems outside of what would be compli-
ant, but might include any violation of law, policy, or
user’s trust regarding security and privacy. interviewee
9 noted that clients are “concerned that their PII, ba-
sically any of their customer data or business-sensitive
data, is going to go into an AI tool,” while interviewee
2 stressed the need for “maximum privacy and security
in place,” keeping data “secure” and “closed.” Intervie-
wee 13 described:

Companies are already afraid to use certain
tools because ‘how does it look on the
GDPR side?’, ‘Are we allowed to track
data from our customers?’ And this is
the first step. I think the agentic level,
taking like two or three tools where you’re
already not, uh, where you’re already
afraid to use them, and then giving it to
an agent… that’s, that’s three, four levels
more difficult.

Brand risk is also frequently noted and is concerned
with the degradation of users’ perception or the brand
resulting from AI use. Content that is off-brand,
tonally inappropriate, or perceived as inauthentic
might negatively impact the organization. When
asked for the risks of agentic AI, interviewee 6 noted:
“It is mainly brand control, I would say. It is also going

to say some stupid stuff, and that is a very important
one.” Interviewee 15 experienced the negative effects
after using AI-generated messages; she observed, “The
customer sees through that pretty quickly”, she noted
it was “just a bit too much of a shortcut with this use
case”

Conversely organizations leverage agentic AI to coun-
teract brand risk. Interviewee 3 explains “The brand-
ing team trained the assistant on our branding guide-
lines and different personas. And then that assistant
tells you if this is brand-aligned”. Likewise, interviewee
16 described governance agents that ensure generated
content adheres to tone-of-voice and visual brand stan-
dards at scale, and notes that this agent is now in place
to validate human content.

His case provides a good analysis of this paradox; in
addition to AI, humans can also create content that
is not brand-aligned. Interviewee 16 thinks AI might
already outperform humans and decided to measure
the difference:

I’m logging a quality score based on these
guidelines, and I do want to see this qual-
ity score go up. But I also want a human
quality score next to it, so we can bench-
mark how we’re doing compared to the tra-
ditional way of working, so we can prove
it’s better. Because otherwise it’s a feeling.

The examples seem to indicate that brand risk is not
a question about whether you are using AI, but rather
how you are using AI.

Taken together, the benefits, sacrifices, and risks above
describe the value agentic AI can produce. Their real-
ization, however, is highly uneven: the same use case
proved transformative in one organization and stalled
in another. Table 5 illustrates this divergence for the
three most frequently reported use cases.

5. Discussion
This study set out to understand how marketing man-
agers create value with agentic AI. GenAI has moved
rapidly from a technical novelty to a consequential de-
velopment in marketing, yet empirical research into its
implications within organizations remains scarce; the
existing literature concentrates on generative AI (e.g.
Elgheit, 2025; Grewal et al., 2025; Wahid et al., 2023).
Scholars have responded by issuing explicit calls for re-
search into agentic AI in the marketing field (Jain et
al., 2024; Kim, 2025; Mogaji & Jain, 2024). This study
answers those calls directly by providing a grounded
empirical account of how marketing managers create
value with agentic AI.
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Table 5: Examples of comparable use cases with highly divergent outcomes

Use case Where it created value Where it fell short
Self-service
analytics

Data sources were connected directly to the agent;
Reporting requests were answered in minutes
(Interviewees 15, 4)

The lack of integration or presence of data
infrastructure yielded the need for manual workarounds
(Interviewee 3)

Content and
campaigns

Content created by Modular, validated,
brand-governed pipelines (Interviewees 6, 9, 16)

Negative effect on brand due to missing quality
validation and brand governance (Interviewee 15)

Customer-facing
agents

A deployed chatbot driving retention and upsell
(Interviewee 6)

Early or experimental deployments; withheld in a
regulated sector (Interviewee 15)

5.1 Contributions to theory
The principal theoretical contribution of this study is
a model of managerial value creation with agentic AI
(Figure 1). The model offers an interpretive account
of how value is constructed; it shows the impact of
the organizational context and highlights the value of
the managerial work, which includes observing exter-
nal conditions, including the rapid progression of AI
and the accompanying market pressure, which provide
the impetus for change; navigating internal conditions
shows how managers act in an organizational context
that can enable or constrain agentic AI initiatives; ap-
plying agentic AI through specific use cases and usage
strategies; and obtaining the value outcomes that re-
sult, which are understood as a portfolio of benefits,
sacrifices, and risks.

The data shows that similar use cases can yield very
different outcomes across organizations. Based on this
analysis, the organizational context plays a vital role in
the successful implementation and use of agentic AI, in-
cluding, e.g., the availability of accessible data and the
competencies necessary to implement or use AI. This
work describes how marketing managers navigate these
conditions. Navigating includes key managerial behav-
iors, such as bringing people along, that play a vital
role in providing the necessary context for the success-
ful implementation and use of agentic AI.

In line with earlier work on digital transformation by
Enholm et al. (2022), the crucial role of technical con-
ditions is observed, data and infrastructure; the orga-
nizational context, including culture, management sup-
port, organizational readiness, and more; and efficiency
is still observed as one of the main benefits of AI. How-
ever, key differences were also observed. Where En-
holm et al. (2022) still note compliance as a key enabler
for adopting AI, the data suggests that compliance of-
ten has become overly restrictive and has become one
of the main inhibitors of agentic AI.

Likewise, this work also aligns with and builds on the
insights from Fernandez-Vidal et al. (2022). Fernandez-
Vidal et al. (2022) note how digital leaders should
become business leaders, including developing business
know-how within the digital function. This study
builds on this idea by mirroring it: marketing leaders
should also become digital leaders, as the marketing

function increasingly requires technical know-how
and management skills. This conclusion implies that
many of the lessons from Fernandez-Vidal et al. (2022)
now apply to the marketing manager, including the
need to master talent complexity, prioritize learning,
and bridge the gap between technical and business
capabilities.

Gebauer et al. (2020) work describes the digitalization
paradox, which shows that digital transformations of-
ten do not yield the expected returns. This study high-
lights a different but related pattern, where the out-
comes of investments in agentic AI differ significantly.
While Gebauer et al. (2020) note elements related to
the implementation of the specific solution as key traps,
the data suggests that, when it comes to the success of
agentic AI, the most significant factor is not the agentic
AI initiative itself but rather the organizational context
in which it is embedded.

Both the organizational resistance observed and the
breadth of benefits when successful observed within
the dataset seem to be much higher than what is sig-
naled in previous works regarding digital transforma-
tion. The data suggests that this increased speed cre-
ates increased resistance and delaying behavior, where
one participant noted that, “It goes so fast that [em-
ployees] get overwhelmed”. This implies that the man-
agerial behaviors that were important during earlier
waves of digital transformation have become even more
important in the age of agentic AI.

The first sub-question this paper sought to answer was
“How do marketing managers identify and translate
agentic AI opportunities?” The impetus for change
comes from marketing managers who observe the
changing landscape. The data shows two key external
sources of inspiration that drive AI initiatives: the
rapid progression of AI capability, including model
releases and the roadmaps communicated by their soft-
ware suppliers, and market pressure from competitors
and, increasingly, from consumers who now have the
ability to act through their own agents.

Observing is often passive; the progress of agentic AI,
adoption by competitors, and the changing consumer
behavior seem hard to miss. This seems to force mar-
keting managers to develop a response even when learn-
ing and interpretive activities have rarely been applied.
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Managers might follow the AI strategy of their main
software vendors rather than doing the learning and
interpretive work themselves. Furthermore, optics can
be especially deceiving when it comes to agentic AI, as
there is often a gap between the optics and communi-
cation regarding agentic AI solutions and the reality of
these AI solutions; these solutions are often presented
as successful even when they are still to be implemented
altogether.

This study describes how the organizational context
plays a vital role in the successful adoption of agentic
AI. This aligns with earlier research on digital trans-
formation (e.g. Ancillai et al., 2023). Among others,
the organizational capacity for change, the presence of
a clear direction, the availability of technical resources
such as data, and the restrictiveness of the governance
framework all affect whether agentic AI can be suc-
cessfully implemented and leveraged. This analysis of
the data empirically confirms and expands the orga-
nizational readiness criteria as proposed by Srivastava
(2026), and, in line with her call to research, connects
these factors to value creation. Furthermore, evidence
is provided that aligns with Schmidt et al. (2026) con-
cept of process debt. Furthermore, these concepts are
found within the domain of marketing, and how man-
agers respond to these contextual elements is analyzed.

These aspects of the organizational context seem to
be able to prevent or accelerate the implementation
of agentic AI, drive the resistance or enthusiasm that
drives AI adoption, and bound the knowledge and ac-
cess to data and systems needed to effectively use agen-
tic AI.

The second question we sought to answer was “How do
marketing managers adopt agentic AI within their or-
ganizations?” We observed that managers navigate the
organizational context with a set of specific behaviors.
Marketing managers engage in steering the marketing
department, this includes a range of managerial behav-
iors, including educating when AI literacy is a key ob-
stacle; bringing people along to decrease resistance and
increase the chance of successful adoption; and setting
direction to ensure that AI initiatives have sufficient
support. We observe that marketing managers might
leverage technical resources like data, tools and techni-
cal talent. The data suggests that marketing managers
benefit from working tightly together with the techni-
cal leaders of the organization. When legal or IT com-
pliance becomes an obstacle within the organizational
context marketing managers typically do not seek to
alter the compliance policies, but rather they deal with
them; accepting them as they are.

Within the organizational context, marketing man-
agers can seek to apply agentic AI. Four key use cases

that marketing managers can apply are observed:
generating insights, creating and validating content
and campaigns, utilizing generic agents for personal
work, and employing customer-facing agents.

A frequent application of agentic AI is the generation
of insights. This aligns with the work of Hughes et al.
(2025) who note that agentic AI might be used for data
analysis to obtain insights and identify patterns. Inter-
viewees note the breadth of analytical use cases; they
span use cases requiring structured and unstructured
data, private and public data-sources. Specifically mar-
keters might apply agentic AI to perform competitor
analysis, analyze marketing performance, and more. In-
terviewees also note that access to data from these AI
systems is vital for these analytical use cases.

This study also shows how marketing teams use agen-
tic AI to create and validate content and campaigns.
This broad wording is used because it is observed that
some interviewees are starting to automate the entire
process from the idea for a campaign to the publishing
of the campaign. Earlier work by Vaid et al. (2025)
already described that GenAI can be used to segment
and target customers. Likewise, the ability of GenAI to
create content was also already described (e.g. Grewal
et al., 2025; Wahid et al., 2023). This study adds to
existing research by showing that agentic AI can create
a more integrated process where the generated content
can be tuned to data regarding the customer or seg-
ment of customers and can now also be validated by
agentic AI.

The third use case is likely not marketing-specific, but
frequently noted by the interviewees: the utilization
of generic agents for personal work. These findings
seem to extend the findings from Hasselwander et al.
(2026) regarding the AI super assistant: Data shows
that marketers are already configuring agentic AI sys-
tems to perform a wide variety of tasks. It seems like
these systems are increasingly implemented without a
specific task in mind but are rather employed as a gen-
eral purpose assistant. Additionally, previous work also
showed that agentic AI can be used to automate pro-
cesses (Hughes et al., 2025). This study also shows that
marketers can be in control of these automations them-
selves, they use tools that do not require programming
experience to automate their own processes.

The last key use case observed relates to the deploy-
ment of agentic agents that can be leveraged by the con-
sumer. The concept of consumer facing chatbots has
now been around for a while (Dutta et al., 2021). How-
ever, interviewees now describe agentic systems that
have the ability to act, rather than simply providing
answers to questions. These agentic chatbots are typi-
cally offered by the companies and expected to act on
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behalf of the customer within the bounds set by the
company. Some of these new agentic chatbots seem to
be blurring the boundary between a customer support
agent, a sales representative, and an agent that can be
used as a tool to perform tasks. We also see a new trend
that aligns with the concept of the AI super assistant
posed by Hasselwander et al. (2026), while still in an
experimental phase, companies start to expose specific
capabilities through servers that can be integrated with
the consumer’s agentic AI system.

The model’s final component concerns the value out-
come that the agentic AI initiatives create. We fol-
low the perspective of Woodside et al. (2008) and ana-
lyze value from a benefits and costs perspective. More
specifically, the data shows many costs with a low like-
lihood of materializing, therefore we separated costs
into sacrifices, i.e. costs that are expected to mate-
rialize and risks which this study defines as potential
aspects of an outcome that would be negative to the
organization but where the likelihood of the outcome
is unlikely or highly unknown.

Almost all of the specific benefits, sacrifices, and risks
that are described in this study have been found in
previous work. For example the benefits; efficiency,
scale, and quality of output are described by Hughes
et al. (2025), Kim (2025), or Brynjolfsson et al. (2025).
Likewise, the sacrifices, financial costs and job displace-
ment, and risks, hallucinations, security and privacy vi-
olations, and negative brand impact are all described
by Hughes et al. (2025). This study confirms these
effects of agentic AI empirically and shows that they
apply to the use cases deployed within the marketing
domain.

One of the benefits that we did not find in earlier works
relates to the extension of personal skillsets, this per-
ceived benefit relates to marketers being able to per-
form tasks that they typically are not able to do. In-
terviewees see this pattern and connect it to the cost
of job displacement. However, different interviewees
interpret this differently, some note that juniors might
become less relevant, noting that with agentic AI you
essentially already have an army of juniors. Others
note that it is instead the seniors that might get dis-
placed because a junior with AI can do the same work
while costing less.

This study also adds perspective to the explored bene-
fits, sacrifices and risks by analyzing how they are me-
diated by managerial behaviors, and how specific risks
can be mitigated by applying agentic AI effectively. Ta-
ble 5 shows examples of specific use-cases and describes
when they provided value and why they did not provide
similar value in other scenarios. The organizational
context and managerial behaviors in general stand out

in their role for value creation.

But additionally a few specific patterns concerning
risks warrant analysis. First, hallucination is often
mentioned as a key risk; however, some interviewees
mention the risk of human failure as well. Some noted
that agentic AI might be less likely to make mistakes,
but none indicated to have measured and compared
the failure rates of agentic AI and humans. Similarly,
an often mentioned risk of agentic AI is brand risk;
here we observe a similar pattern, while many mention
content that does not meet the quality bar or does not
align with the brand as a risk, some note that they use
AI to validate quality and alignment with the brand.
These agentic AI content validation systems might be
deployed to validate content generated by both human
employees and AI systems and in doing so agentic AI
might significantly lower brand risk compared to a
situation where AI is not deployed.

5.2 Practical implications
This study describes how marketing managers create
value using agentic AI, and a key element in doing so is
navigating the organizational context. The data shows
some practical implications that can provide guidance
to managers who seek to benefit from agentic AI. In
addition to the points made below, Appendix B con-
tains a list of practical suggestions that stem from this
research and are directly applicable for a marketing
manager.

Our study indicates that the organizational context
plays a vital role in the process of creating value us-
ing agentic AI. This implies that investments in setting
up the right internal conditions to help ease the imple-
mentation of agentic AI seem sensible. Some elements
have already been mentioned explicitly, others can be
derived from the implicit patterns in the data.

The condition of the marketing team is important; in-
terviewees note the value of bringing people along; em-
ployees can feel overwhelmed by the rapid changes that
AI brings, but if you show them that you value them
even though things are changing and if you help them
master the skills necessary to work in the new context
you can ease the transition. As interviewee 13 noted:
“Yes, we will automate these kind of things, but that
still means someone needs to look over this automation.
You can learn to do this”. This is connected to the need
for education, which is described by many as critical to
help employees apply agentic AI effectively.

An interesting interplay arises between compliance and
experimentation. Since the possibilities of agentic AI
are progressing so fast, it can be hard to know what
works and what does not. Experimentation helps orga-
nizations to act fast, and learn while doing. However,
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we also note that compliance policies can be a big ob-
stacle to implementing agentic AI within the organi-
zation. Interviewee 12 notes a possible solution: “the
laboratory”, a safe space where employees can experi-
ment with AI. The data suggests that marketing man-
agers deal with compliance policies as they are. We
advise marketing managers to negotiate with legal and
IT to set up these laboratories in a compliant manner,
ensuring space for experimentation without breaking
compliance policies.

The study observes a further blurring between the
needs and responsibilities of technical leaders and mar-
keting leaders. Where Fernandez-Vidal et al. (2022)
note that digital leaders should become business lead-
ers, we note that marketing leaders should also become
digital leaders, as the marketing function increasingly
requires technical know-how and management skills.
Interviewee 6 noted that the CMO should be “The
CTO’s best friend,” noting that the CTO’s help is
necessary to execute her vision, and noted that she
used external technical capacity because the speed
of the internal technical team was not sufficient for
her roadmap. It might be advisable for marketing
managers to take a more active role in the development
and allocation of technical resources, to ensure that
the necessary data, tooling, data-infrastructure and
technical talent is available to support the needs of the
marketing team, especially due to their centrality to
agentic AI initiatives. The marketing manager might
be able to help set direction, negotiate resources, or
influence infrastructure decisions to align with the
needs of the marketing department.

5.3 Limitations & future research
A limitation of this study lies in the speed at which
AI is evolving. Many insights regarding the role of the
manager align with earlier works on transformations
(e.g. Fernandez-Vidal et al., 2022) and are likely to be
relevant toward the future; others like the impact of
specific use cases might be heavily dependent on the
temporal situation. Furthermore, as this research ap-
plies a qualitative approach, the outcomes of this study
could be transferable to other contexts (Shenton, 2004),
most notably our dataset is skewed towards the Nether-
lands, so the results might not be transferable to other
markets, for instance due to a different cultural or leg-
islative climate. To balance these limitations, future
research could make comparisons across industries and
conduct longitudinal research to monitor the evolving
response of organizations and consumers to the (also)
evolving nature of AI on value creation with agentic AI
and the role of the marketing manager therein.

Another limitation lies in the gap between optics and
reality; while many interviewees were open about this

gap, participants might perceive a benefit in describing
their initiatives as successful. This study relies exclu-
sively on interview data and is based on an inductive
approach. In line with Polsa (2013), research could
use different data collection methods and leverage dif-
ferent research approaches. For example, qualitatively
measuring the effects of specific agentic AI solutions
on specific values, like time saved, should provide an
important balancing force to the grounded theory ap-
proach used in this study.

Finally, due to both the emerging nature of agentic AI
and the exploratory nature of this study, we call for
research to study specific elements in more depth. For
example, this research does not go into detail regarding
how specific technical features or configurations of agen-
tic AI systems might affect business outcomes; this re-
search might provide another lens on the high variance
regarding value outcomes from similar use cases. Addi-
tionally, research could make a more detailed analysis
of the specific behaviors of marketing managers, analyz-
ing the components of behaviors like “bringing people
along” and their impact on the outcomes within the
organization.

6. Conclusion
This study asked how marketing managers create value
with agentic AI. Drawing on seventeen interviews with
marketing managers and AI experts, analyzed through
constructivist grounded theory, the findings propose a
model that describes how the marketing manager cre-
ates value using agentic AI (see Figure 1) containing
the managerial behaviors: observing external condi-
tions, navigating the organizational context, applying
agentic AI, which together result in obtaining value
outcomes.

Empirically, this study answers recent calls for research
into agentic AI in marketing (Jain et al., 2024; Kim,
2025; Mogaji & Jain, 2024): it provides one of the first
grounded accounts of how marketing managers create
value with agentic AI in practice.

Our result shows the importance of the organizational
context to the value created by agentic AI and de-
scribes how marketing managers navigate this context.
Additionally, we describe the value of agentic AI for
marketing and note a list of common use cases. Fur-
thermore, we provide practical advice that marketing
managers can apply within their organization.

While the use of agentic AI is likely to continue evolving
rapidly, the higher-order principles that describe man-
agerial responses to this ever-improving technological
field are likely to be more durable. For marketing man-
agers living, as one participant put it, through both
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“an era of change” and “a change of era,” the practical
message coincides with the theoretical one: the value
of agentic AI will be determined not only by the agen-
tic AI initiative itself but mainly by the organizational
context in which this initiative is embedded.
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Appendix A. Interview Guide and
Protocol
To ensure relevant topics are discussed, a list of ques-
tions and an interview protocol are utilized.

A.1. Interview Guide
A.1.1. Primary questions

1. Background of interviewee:

• What is your role within the organization?
(key responsibilities)

2. Openers to establish common ground:

• What does generative AI mean to you?

• What does agentic AI mean to you?

1. How are you already using agentic AI, if at all?

• What are the benefits of this usage, if any?

• What are the drawbacks of this usage, if
any? (financial, hours, negative side-effects
etc.)

• What are the risks of this usage, if any?

• What steps were taken to deploy Agentic AI
in the organization?

• What obstacles, if any, were faced whilst de-
ploying Agentic AI?

• What did you need to deploy Agentic AI?
(infrastructure, advice, other resources)

2. What agentic AI solutions is your organization
looking to implement in the near future, if any?

• What are the benefits that you are looking
for?

• What are the drawbacks of this usage, if
any?

• What are the risks of this usage, if any?

• What obstacles, if any, do you expect to face
in implementing Agentic AI?

• What tailwinds, if any, do you expect to face
whilst implementing agentic AI?

3. (Optional) What are your strategic goals for the
next year that will leverage Agentic AI?

• What benefits do you expect to create using
these initiatives?

• What drawbacks do you expect to face dur-
ing these initiatives?

A.1.2. Potential backup questions:

4. What is the impact of agentic AI on your team?

5. You mentioned [subject x] can you elaborate on
that?

6. Did your organization experience [element y]?

A.2. Interview protocol
Interviews should take about 1 hour. The interviews
will not strictly adhere to the questions in the guide;
while the guideline is relevant to ensure that key in-
sights will be gleaned from the interviews, room is left
to go down relevant tangents to dive into what is rele-
vant to the interviewee.

Information between brackets is not to be considered a
direct part of the question but rather a reminder to the
interviewer to ensure that the question is interpreted
in the expected manner. The list of backup questions
includes relevant questions to steer the interviewee to
consider the intended scope without being leading ques-
tions. Additionally, Questions 2 and 3 in section A.1,
and their follow-up questions, might be applied multi-
ple times, since organizations can support multiple AI
initiatives.
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Appendix B. Putting the model to
work: a manager’s checklist
This appendix translates the practical implications of
Section 5.2 into an operational checklist, organized by
the four stages of the model developed in Chapter 4
(Figure 1): observing the external context, auditing
the organizational conditions, steering the organization,
applying agentic AI, and mediating the flow through
to value outcomes. It is intended as a working tool. A
marketing manager can use it to see which conditions
are ready to support agentic AI, and what the manager
can do to improve the chance that the initiative will
deliver value. The items distil patterns reported across
the interviews in Chapter 4.

Observing: sensing the changing context
• Watch the emerging use cases, and tools that are

gaining traction.

• Monitor competitors’ adoption of agentic AI.

• Monitor shifts in consumer behavior, including
customers acting through their own agents
(“agents of customers”).

• Stay wary: what you hear or read might not re-
flect reality.

• Learn from others: leverage events, case studies,
and stories.

Auditing and steering: proactive naviga-
tion of the internal conditions

• Assess AI literacy at every level and train employ-
ees to be ready for the future.

• Audit data availability, infrastructure, and the
technical talent to use them.

• Leverage agencies where internal teams fall short
(including lacking the necessary speed).

• Confirm strategic direction and secure senior-
leadership backing before scaling.

• Map governance, legal, and compliance con-
straints (such as GDPR) and see if you can
create a laboratory where you can experiment
without violating compliance frameworks.

• Catalogue data to ensure that it can be inter-
preted by AI.

• Steer what you control: educate (differentiated
by level), run experiments, bring people along,
provide clarity, and champion the work.

• Ensure people feel valued and know what their
place is after AI initiatives are implemented.

• Do not fall into analysis paralysis; try to find a
logical starting point instead. You can always
pivot later.

• Identify, empower, and protect AI champions to
ensure they can bring along your team.

• Fund and protect experimentation: centralize or
absorb its cost so teams are not penalized for
early, low-return learning.

Applying: putting agentic AI to work
• Try to define clear problems and workflows where

you can leverage agentic AI

• When you do not trust the risks, monitor and
keep humans in the loop.

• Match ambition to maturity across use cases (an-
alytics, content creation and validation, generic
agents, customer-facing).

• For customer-facing agents, build on an existing
baseline; put brand and tone-of-voice governance
in place first. Only scale after you have gotten
signals that it generates net-positive value.

Mediating Value Outcomes: turning ap-
plication into value

• State the value you are pursuing (efficiency, scale,
skill extension, quality) and try to measure im-
pact. Do this not just to show the value of this
use case, but also to be able to unlock future bud-
gets.

• Monitor risks and deploy agentic AI to validate
quality or mitigate risk, including brand risk, se-
curity and privacy violations, and hallucinations.

• Calibrate oversight and mitigation strategies to
the cost of error and the difficulty of evaluating
the output; do not overdo it for small use cases.

• Decide consciously whether to follow (parity) or
to differentiate (novel use cases); efficiency gains
are not a durable advantage once competitors
share them.

• Treat AI budgeting as a strategic act: returns can
be large but uncertain, and conventional business
cases tend to under-fund experimentation.
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