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ABSTRACT

Context. One of the innovations introduced to improve and innovate the
processes and product performances in the marketing sector, are Al Agents.
Marketing automation tools such as customer journey builders are complex
and time-consuming to use, making them a good candidate for the imple-
mentation of an Al Agent as a primary interface. However, the implications
for maintaining effectiveness, usability and trust while trying to achieve
user acceptance remains underexplored.

Objective. This research investigates to what extent an AI Agent can
function as an effective primary interface for journey creation in the mar-
keting technology domain in terms of adoption, usability, and trust. For
this, the product of Spotler Activate is used as a case study.

Methods. Following a User Centric Design (UCD) approach, interviews
and a tool analysis were conducted to define the requirements for the AI
Agent. Based on these requirements, a near fully functional prototype of an
Al Agent journey builder was developed. The prototype was then evaluated
through of qualitative user testing with two groups of three participants
each, one experienced and one inexperienced.

Results. Both user groups perceived the Al Agent as valuable and effec-
tive, though in varying degrees. While inexperienced users found the AL
Agent to be generally effective, experienced users found the Al Agent most
effective for complex journey creation and preferred manual tools for simple
and familiar tasks. Usability was strong across both groups, caused by the
recognition of familiar interaction patterns. However, the limited direct
editability of interface elements reduced usability among experienced users.
Trust was found to be conditional for experienced users as they showed the
need for validation and verification of generated output before accepting.
Inexperienced users on the other hand, showed high trust from the start,
and if uncertain, doubted their own input rather than the AI Agent’s output.

Conclusions. The Al Agent partially functions as an effective primary
interface for journey creation, as its effectiveness is conditional. User ex-
perience level, task complexity, and the quality of AI Agent explanations
and recommendations influence this effectiveness. The findings contribute
to existing literature by showing that (1) the perception of control differs
across experience levels despite facing the same limitations in functionality,
(2) the trust inexperienced users have in the Al Agent is not driven by
its perceived quality or usefulness, but by uncertainty and doubt in their
own input and knowledge, and (3) user experience level is an influential
variable in the degree of perceived value of the Al Agent interface. Together,
these findings suggest that an AI Agent is most effectively introduced as a
complementary interface rather than a full replacement of existing tools,
and that a hybrid approach that combines Al-generated output with direct
manual editability best supports usability and trust across all user groups.

1 INTRODUCTION

The interaction between humans and technology is continuously
evolving. Since the introduction of ChatGPT in November 2022,

Artificial Intelligence (AI) became accessible and known to the pub-
lic, allowing them to experience the capabilities of conversational
Al firsthand [38]. For business, Al became an essential tool to in-
crease productivity and performance [17]. Its biggest impacts can
be found in the optimization of labor efficiency, automating routine
tasks and gaining analytical insights, causing businesses to reduce
the need for human resources for these operations [21]. Al has
integrated into many sectors, such as customer service, healthcare,
finance, E-commerce, and also marketing [4]. In all these sectors,
continuous innovation and exploration of new ways to incorpo-
rate Al are essential for improving business processes and product
performance.

One of these innovations is the introduction of AI Agents. They
are defined as entities that build upon Large Language Models
(LLMs) and extend their capabilities with external tools, function
calling, and sequential reasoning to deliver real-time information
and perform multi-step actions autonomously [41].

Additionally, AT Agents are often seen as intelligent [18] or as
a surrogate for humans or subsystem and can be defined through
three core characteristics [41]:

(1) Autonomy: After deployment, Al Agents are able to func-
tion with minimal to no human input, making them very
scalable [24][15].

(2) Task-specificity: Al Agents are made for handling well-
defined tasks within a fixed domain.

(3) Reactivity & Adaptability: Al agents are designed with
mechanisms to manage dynamic inputs such as user queries,
external API calls, and software state changes, which makes
them adaptable to changing conditions and user needs.

1.1 Improving business processes

Building on these characteristics, AI Agents contribute to the im-
provement of business processes. They do this in several ways. First,
they reduce the manual workload through the automation of repet-
itive tasks, increasing productivity. Specifically for businesses, this
leads to greater cost-effectiveness and more streamlined operations
[48].

Besides, they are able to personalize their answers and recom-
mendations based on previous interactions, which improves user
engagement. The connection that is built between the customer
and the brand by this personalization in turn creates loyalty, not
only towards the AI Agent but also to the organization it represents
[48]. Especially in highly competitive markets, this ability to build



customer relationships becomes a key differentiator, one that AI
Agents support [29].

Additionally, AI Agents contribute to the improvement of busi-
ness processes through their capability for proactive and data-
driven decision making. The analysis of previous behavioral pat-
terns through which future actions can be predicted helps to an-
ticipate customer needs and optimizes customer journeys [29]. In
this context, customer journey is defined as ‘the process a customer
goes through, across all stages and touch points, that makes up the
customer experience’ [30].

Given these improvements, it is reasonable to think that com-
panies use the implementation of Al as a strategy to increase their
overall performance as well as their competitive advantage. Kumar,
Ashraf, and Nadeem found that *AI adoption is not just a techno-
logical upgrade but a strategic transformation that reshapes business
models’. Companies that adopt Al innovations early benefit from
increased user engagement and short-term efficiency gains, posi-
tioning them ahead of competitors [29]. The companies that achieve
successful implementation long-term can also gain competitive ad-
vantage through improvement in customer satisfaction [28].

1.2 Challenges

As mentioned, the competitive advantages described before, only
hold when Al innovations are implemented successfully, long-term.
Therefore, it is important to further explore the challenges and
considerations successful implementation imposes.

Initially, financial investments required for implementing and
maintaining Al Agents, as well as the integration with current
systems can form a barrier for organizations [48]. Beyond these
technical and financial constraints, the adoption of Al Agents also
introduces ethical challenges, especially regarding transparency,
fairness, and potential bias in decision-making. Transparency plays
a central role in shaping user trust, as the transparent use of Al,
where the user is aware their data is used to personalize their
experience and decision-making processes are clear, can improve
user trust. On the other hand, trust is negatively affected when
biases in training data lead to discriminatory practices in decision-
making processes [9][15]. In addition to these ethical concerns,
trust is also linked to the design of human-AlI interaction itself,
as user expectations often do not align with the capabilities of
conversational Al [31]. This can lead to reduced understanding and
trust in the Al system.

Another challenge lies in the probabilistic and sometimes incon-
sistent nature of AI Agents, which can confuse users and prevent
them from forming accurate mental models of the AT Agent’s ca-
pabilities [6]. The confusion and the errors that may occur in the
system and are observed by the user can even lead to ’algorithm
aversion’, where human judgment is preferred over algorithmic
decisions [15]. If perceptions of unpredictability and inconsistency
in the behavior of Al is perceived as too high, this can lead to
reduced adoption or even abandonment of the AI Agent [2]. To
mitigate these risks, Bansal, et al. [6] and Amershi, et al. [2] recom-
mend that AI Agents should clearly communicate their capabilities,
limitations, and reasoning processes.

However, providing extensive explanations and detailed reason-
ing can introduce new challenges. Presenting too much information

can overwhelm the user and create cognitive overload [47][5]. To
provide insight without overwhelming the user, often the solution
of progressive disclosure is introduced, where only the highly nec-
essary insight is given at first while leaving the option for additional
more extensive reasoning with the user [5]. Research by Dietvorst,
Simmons, and Massey adds that allowing users to intervene and cor-
rect the output, even when this capability is limited, significantly
improves user acceptance and sustained use of Al systems [19].
Therefore, designing an Al Agent that supports user autonomy is
just as important.

Another important challenge lies in user readiness to transition
to a different kind of user interface. Moving from traditional in-
terface to Al Agent-driven ones will inevitably change the user
experience as it requires users to adapt the way they interact with
familiar tools and products. Additionally, organizational adoption
also introduces challenges, as employees and internal users may
resist AT Agents due to a lack of understanding or skills, fear of their
job being replaced, or doubts about the amount of authority an Al
system should have [20]. This in turn can lead to under-utilization
or distrust in the implemented AI Agent.

In terms of skill, prompt engineering is a vital one for effective
use of Al systems and is defined by Bansal as ’the art of crafting
effective prompts for artificial intelligence models’ [7]. Giving an
Al system clear instructions on the task at hand can enhance the
relevance and accuracy of the response significantly [7]. However,
non-expert Al users often struggle to create effective prompts be-
cause they expect the Al to understand instructions like a human
and are often convinced of the systems inability to perform an
action after one failed attempt [50]. Luckily, Pereira, et al. argues
prompt engineering to be a skill that can be improved through
examples and training [50] and Bashardoust, et al. adds to this that
training even increases the perceived expertise of users [8].

Then, in the context of interface design, Al systems can violate
traditional user interface design principles such as the error pre-
vention principle described by Nielsen and Molich (1990) [36][37]
due to their unpredictable behavior. This creates the need for new
design approaches such as the 18 validated human-AlI interaction
guidelines proposed by Amershi et al. [2], to ensure usability, trust,
and effective collaboration between users and Al systems. The long-
term success of Al adoption therefore depends on addressing not
only technical and financial challenges, but also ethical, organiza-
tional, and user-centered ones. Building user trust and ensuring
ethical compliance are essential for sustaining effective AI Agent
integration [29].

1.3 Objective

Rather than examining AI Agents merely as a feature, this research
investigates the potential role of AI Agents as the primary user
interface through which users interact with software products. In
order to do this, an Al Agent-driven interface is designed that en-
ables users to effectively perform marketing automation tasks while
maintaining usability and trust, and considering user readiness and
willingness to adopt such an interface. To research this, marketing
technology company Spotler is used as a case study to provide
broader insight into the impact of AI Agent implementation on



usability, workflow effectiveness, trust, and user experience for
similar organizations within the marketing technology domain.

To achieve this, a prototype of an Al Agent-driven interface is
designed to explore how such an interface could function in practice
and how users will interact and react to it. This prototype is then
evaluated for effectiveness, usability, and trust through internal and
external user testing. This research also examines user readiness
to adopt Al Agent-driven interfaces through interviews and user
testing. Together, these evaluations help reflect on design decisions,
support iterative refinement of the prototype, and assess whether an
AT Agent can function as a suitable primary interface for marketing
automation tasks, resulting in a Proof of Concept (PoC).

Together, these objectives contribute to answering the central
research question:

RQ: To what extent can an Al Agent function as an effective pri-
mary interface for journey creation in the marketing technology do-
main in terms of adoption, usability, and trust?

1.4 Relevance

This research is not only relevant to the academic world but also to
the marketing technology domain, and therefore Spotler, as their
product provides the practical foundation on which the Al agents
will be implemented. The outcomes of this study will therefore
contribute directly to Spotler’s innovation strategy and the future
development of its Al agent-driven interfaces.

1.4.1 Academic

The introduction of Al agents as primary interface can be con-
sidered most relevant for the crossover of the fields of Human-
Computer Interaction (HCI), Artificial Intelligence (AI), and soft-
ware design. Studying the influence of AT Agents on the interaction
between users and software products can contribute to the develop-
ment of design principles and frameworks for Al-driven interfaces.
Additionally, by researching the factors that influence the adop-
tion of Al-driven interfaces, this research also touches upon the
concepts of user acceptance and user experience, which are often
underexplored when applied to Al Especially when considering the
marketing technology market this research applies to, its relevance
becomes clear. The intersection of marketing technology domain
and the implications of implementing Al agents as an interface on
the usability, trust, and perceived effectiveness, has not yet been
specifically researched, highlighting a clear research gap.

1.4.2 Spotler

For Spotler and the marketing technology domain, the exploration
of Al agents as a primary interface has direct practical implications.
Through the company’s focus on Al it becomes clear that it could
benefit from innovations in this field, especially ones that improve
user efficiency and user experience. Reducing the need for manual
input would reduce workload in the product of Spotler Activate.
At the same time, offering personalized recommendations and per-
forming goal-oriented tasks would further support marketers and
businesses in their workflow.

Moreover, understanding the user’s readiness and willingness
towards using Al agent-driven interfaces gives insight into the
timing for innovation. It also helps support a smooth transition,

hopefully maximizing adoption and minimizing aversion. By en-
hancing the existing products with Al functionalities, Spotler can
innovate user interaction and obtain a competitive advantage while
staying true to their vision. Therefore, this research contributes to
both operational efficiency and strategic development of Spotler’s
products, making it extremely relevant.

2 BACKGROUND

This research is conducted as part of a thesis internship at Spotler.
Spotler is an international marketing technology company spe-
cializing in personalized, data-driven communication across digi-
tal channels. They work based on a Software-as-a-Service (SaaS)
model, which is defined as ’the provided capability to the consumer
to use the providers applications running on a cloud infrastructure’
[34]. Spotler’s product suite consists of several cloud platforms,
including solutions for marketing automation, customer service
management, business-to-business (B2B) and business-to-consumer
(B2C) engagement, and event communication.

The users of Spotler’s products can be referred to as connec-
tors, defined as individuals who act as intermediaries between their
organization’s internal systems and end users. This group primar-
ily consists of marketers, IT professionals responsible for system
integration, and communication specialists involved in product se-
lection and procurement across both small and large organizations.

Spotler’s vision is to create ’a future where professionals can signif-
icantly impact their company’s performance by serving personalized
content, powered by seamless access to connected data and Al-driven
insights’ [45]. Through this vision, their interest in AI becomes
very clear. Currently, their efforts in the domain of Al consists of a
combination of Predictive, Generative, and Conversational Al as
well as Al-assisted analytics [43].

However, due to the quickly changing field of marketing tech-
nology, continuous improvement is essential to strengthen their
position in the highly competitive market. Therefore, it is key to
research the next step in the interaction between users and Al, the
potential of AI Agents serving as the primary interface for tasks
such as journey creation. In this context, primary interface is seen
as the main point of interaction between the user and the system.
In other words, the Al Agent is not an additional feature in the user
interface, but is the user interface through which the user operates.

One of Spotler’s products, is Spotler Activate, a Customer Data
Platform (CDP) that enables businesses to create automated market-
ing campaigns and enables users to design, manage, and optimize
personalized customer journeys, from now on called journeys [44].
Essentially, these journeys are automated workflows that respond
to customer behavior, such as sending follow-up emails after a
customer has made a purchase or triggering campaigns based on
engagement data. In the journey builder in Activate, these journeys
are constructed through a visual interface, where users can man-
ually drag and drop nodes, conditions, and actions onto a canvas
(Figure 1). The linked nodes then make a flow that guides customers
through a desired path based on their behavior. In Activate, the
user can choose to either use one of the frequently recurring tem-
plates, in which the entire flow is pre-made, or create a journey
from scratch in the journey builder.
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Figure 1: Journey builder in Activate. On the left the action
and conditional nodes are presented. The right shows the
canvas and an example of a complete price drop journey.

While manually creating and editing journeys offers flexibility
and control, it can also be complex and time-consuming, particularly
for customers with limited experience or when dealing with more
advanced journeys. In this context, the implementation of an Al
Agent into the Activate journey builder could help translate the
user intent to fully arranged customer journeys. Then, instead of
manually assembling each of the nodes, the users can explain their
goal in natural language, after which the AI Agent proposes a flow
that aligns best with their practices. Besides reduction of manual
workload, the AI Agent could assist the user further by suggesting
potential improvements to optimize their journey and explain the
reasoning behind design choices.

To further ground the need for this research, an exploratory
survey was conducted among current Spotler Activate users to
assess their experience with the current journey builder. Although
the generalization of the findings is limited, as only 6 out of 204
completed the survey in full, the results do provide a useful initial
indication of the user experience with the current journey builder.

In Appendix 10.1, the content of the survey is described in detail.

With a mean score of 4 out of 7, users rated the ease of journey
creation as only moderately easy, suggesting room for improvement
in reducing the complexity of the builder. Additionally, users rated
the extent to which their created journey achieved their intended
goal (M=4,67), their trust in the builder’s execution (M=4,50), and
their sense of control during creation (M=4,67) around the midpoint
of the 7-point Likert scale. This indicated that these aspects are
neither experienced confidently positive nor confidently negative
among users. However, even though the result does not reflect full
confidence, the clarity of contribution of each node to the journey
goal scored slightly higher (M=4,83).

The implementation of an AI Agent into the Activate product
has the potential to reduce cognitive effort, accelerate workflow cre-
ation, and make the platform more accessible to users with varying
levels of expertise. However, at the same time, the shift introduces
challenges related to trust and usability that were not present in Ac-
tivate before, such as users that must be able to rely on the Agent’s
output. Designing an Al Agent for journey creation therefore re-
quires careful consideration of how users can remain in control,
understand the system’s behavior, and effectively collaborate with
the Agent to achieve their goals.

3 RELATED WORK

To position this research within the existing related works, this
section presents an overview of academic papers related to the topic
of AI Agent interface design. Through analyzing the similarities
and differences between this research and prior studies, the novelty
of this research and its contribution to academia become evident.
To do this, a selection of five papers are discussed, each chosen
based on their alignment with the research goal of designing and
evaluating the effectiveness of an Al Agent as a primary interface
for journey creation in terms of adoption, usability, and trust or
their used methodology.

Daish, et al. approach the design of a human-agent interface
through the methodology of co-design, in which dialogue between
stakeholders serves as the foundation [16]. In the context of online
grooming detection, the research involves end users in the design
process to create an interface for an AI Agent that supports continu-
ous learning. The research highlights how user input can shape the
design of agent-based systems. This relates to the current research,
as both focus on the design of human-agent interfaces and how
these can support users in their interaction with them. However,
in contrast to Daish et al., who focus on a safety-critical domain,
this research examines an Al Agent as the primary interface for
task execution. Specifically, it evaluates the effectiveness, usability,
and trust of an Al Agent for journey creation within a marketing
technology context.

Similar to the current research, Mei et al. [32][33] explore the
challenges of human-Al interaction when generating journeys. The
design of GeneyMAP focuses on the generation of journey maps,
which can be described as 'visual representations of user interac-
tions with a service or product’ that provide insight into the ac-
tions, thoughts, and pain points of users [32]. While these types of
journeys differ from the customer journeys in this research, many
similarities can be found. Both processes previously heavily relied
on manual actions which, through the introduction of Al-driven
automation, could be accelerated. Additionally, both studies investi-
gate the balance between automation and user agency to optimize
trust. Differences can be found in the fact that GeneyMAP is de-
signed as a supportive design tool, while the Al Agent journey
builder serves as a primary interface for journey creation. There-
fore, this research extends the scope of the research of Mei et al.
by incorporating the factors of adoption, usability, and trust in AI
Agent-driven interfaces.

Similar to Daish, et al., the creation of GeneyMAP also used the
method of co-designing with experts, resulting in a set of Al-driven
functionalities built around the human-in-the-loop principle. A



key focus of the research of Mei et al. lies in determining which
parts of the process require automation and which parts should
be controlled by the user. Consistent with the expectations of this
research, Mei, et al’s findings show that while generative Al can
significantly improve efficiency and creative journey mapping, ex-
cessive automation can reduce transparency, control, and trust of
users.

Next, Yuan, Chen, and Quigley present MAxPrototyper in their
research, a combination of multiple AT Agents that allows users
to create interactive user interface prototypes [49]. Their research
mainly focuses on how AI Agents can collaborate to translate tex-
tual and visual user input into interface elements used for prototyp-
ing. In order to make this translation, they address the challenge
of reducing the amount of manual and iterative design steps usu-
ally included in the design process. They do this by distributing
tasks across multiple AI Agents. Similar to Daish, et al. and Mei, et
al., MAxPrototyper follows a human-in-the-loop approach, where
users remain involved in the process through guiding the AT Agent
and refining the output after generation. On the other hand, the
emphasis on effectiveness, usability, or trust in a production set-
ting in this research is limited and the output is mainly focused on
the creation of elements rather than entire executable flows. The
current research therefore extends the research by Yuan, Chen, and
Quigley by not only designing an Al Agent interface, but also evalu-
ating it based on effectiveness, usability, and trust in the marketing
technology domain.

Another relevant research to address is the work of Pathak and
Bansal, which studies the factors that influence AI Agent adoption
in the banking, financial services, and insurance domain [40]. They
split trust into three dimensions, cognitive, affective, and social.
Pathak and Bansal found that each of these dimensions influence
the adoption of Al Agents differently. Their study found that the
perceived quality of the Al Agent affects the cognitive trust of users
and that the perceived usefulness affects affective trust. Therefore,
combining Al quality, perceived usefulness, and trust should result
in the most optimal Al Agent adoption. Compared to the other dis-
cussed works, Pathak and Bansal provide a theoretical foundation
for understanding Al Agent adoption, whereas Daish, et al. and Mei,
et al. take a more design-oriented approach. However, Pathak and
Bansal’s research does not evaluate a functional interface, making
the current research extend their work by evaluating how trust,
usability, and adoption react when users interact with an Al Agent.

Lastly, the research of Bliimel and Jha [12] on designing a con-
versational Al Agent offers a relevant conceptual framework. Even
though the conversational Agent described is created for customer
service, many of the elements from the proposed framework in the
research are applicable to this research. It consists of six stages, in
which the AT Agent should first sense the intent of the customer,
then adapt to their intent, adjust the conversation tone based on
their sentiment, delegate tasks to humans if necessary, then or-
chestrate processes that can be automated, and lastly train itself by
analyzing the customer’s data. For this research, especially sensing
the user intent is relevant as interpreting the user intent and goal
for the customer journey flow creation stands at the core of the Al
Agent’s functionality. However, since the domain and the output
of Bliimel and Jha’s research differs from the current research, the

framework can be used as inspiration from, but not as reference for
the current research.

All in all, this research adds to academia by evaluating an Al
Agent as the primary interface for task execution, specifically for
journey creation within a marketing technology context. It extends
prior work primarily by researching the elements of effectiveness,
usability, and trust of users in AI Agent-driven interfaces. Addition-
ally, it evaluates user adoption in the context of a real-world design,
rather than only basing it on theoretical models.

4 RESEARCH STRATEGIES AND RESEARCH
METHODS

This section describes each of the research methods used and how
they contribute to answering the research question. The basis for
this research is a combination of the User Centric Design (UCD)
cycle®, depicted in Figure 2, and Design Thinking. The UCD consists
of five phases that occur in an iterative process [25][23]. Each phase
requires a different research approach in which both qualitative
and quantitative methods can be used [25][14]. The phases and the
associated research methods for the scope of this research are:

o Specify context of use: During this phase, the context in
which the research takes place is specified through the qual-
itative research method of interviews. These provide insight
into the current Al use, user sentiment, and organizational
conditions at Spotler (Section 4.1).

o Specify user requirements: Insights from the interviews
are combined with elements identified as useful in the tool
analysis (Section 4.2. Together, these inputs are used to define
the requirements for the AI Agent (Section 4.3).

e Produce design solution: Based on the defined require-
ments in the previous phase, a design solution is developed
in the form of an Al Journey Builder prototype (Section 4.4).
In this phase, the requirements are translated into concrete
design decisions, resulting in a first iteration of the prototype.
The process is iterative, meaning that after a first evaluation,
the prototype is refined into a near fully functional AT Agent
one to then be evaluated again.

e Evaluate design against requirements: After a first iter-
ation of prototyping, the prototype is evaluated to assess
whether it meets the defined requirements. This first evalua-
tion iteration takes place internally within the organization
of Spotler, after which the prototype is refined through an
additional iteration of the ’Produce design solution’ phase.
Then, to determine the effectiveness in practice, the proto-
type is evaluated through user testing (Section 4.5). This
evaluation method uses qualitative methods to assess usabil-
ity, effectiveness, and trust in the AI Agent journey builder.

e Deliver design solution: The final phase focuses on de-
livering a Proof of Concept (PoC) of the AI Agent journey
builder and translating the findings from the user testing
into actionable outcomes. These outcomes support the prac-
tical implementation of the design and contribute to further
development of Al-driven featrues within the marketing
technology domain.

* The UCD is often also called Human Centered Design (HCD) cycle. These terms can
be used interchangeably but in this research the term UCD is used [23].



Both the UCD and Design Thinking are iterative processes, but
Design Thinking focuses on deeply understanding users and gen-
erating innovative solutions through prototyping and continuous
refinements. Together, they complement each other. Design think-
ing can drive the discovery of new ideas and the UCD cycle ensures
these ideas translate into effective, user-validated solutions [46].
During this research, one full iteration of the UCD cycle will be
completed.

PoC
Interviews
Deliver design ———————
solutions Specify context of
use
Evaluate design Specify user
against requirements requirements
User testing LEERI
Tool analysis
Produce design
solution
Protoniping

Figure 2: The User Centric Design cycle phases (blue) and
their corresponding research methods (yellow). Adapted and
extended for this research based on [14][23].

4.1 Interviews

To understand the expectations users have when interacting with
an Al-based interface, identify trust and transparency needs, and
reveal usability and workflow pain points in the current use of Al,
five semi-structured interviews were conducted.

Additionally, the interviews provide a contextual understand-
ing of Spotler’s products and gather insights into current Al use,
thereby assessing their technological readiness. They also map the
internal user sentiment and knowledge gaps, which in turn can be
used to identify where resistance to Al adoption exists and which
organizational conditions require attention.

Lastly, the interviews explore the factors that influence the suc-
cess or failure of future Al features in practice and to understand
what drives meaningful adoption within the marketing technology
domain.

The insights derived from the interviews contribute to identify-
ing factors that support user acceptance of the AI Agent and are
therefore used as input for defining the requirements.

4.2 Tool Analysis

Using Al agents as an interface is a recently introduced concept and
has only been implemented in several existing systems. Therefore,
a tool analysis was conducted to examine how comparable sys-
tems currently available within the marketing technology domain

implement Al Agents and to identify effective design choices and in-
teraction patterns. Furthermore, it explores two interfaces designed
using scientifically validated methods derived from literature.

The design elements identified as effective in this tool analysis
are then translated into concrete requirements for the design of the
Al Agent journey builder.

4.3 Requirements

Based on the 18 design guidelines described by Amershi, et al. [2],
the nine heuristics proposed by Nielsen and Molich [36][37], and
the insights extracted from the interviews and tool analysis, seven
groups of requirements are defined to guide the design of the Al
Agent journey builder, and are covered in detail in Section 5.3.

4.4 Prototyping

After defining the requirements of the AI Agent journey builder
based on literature, the thematic analysis of the interviews, and
tool analysis, the next step in the UCD cycle is to produce a design
solution.

In this phase, the requirements are translated into a near fully
functional prototype, which can be evaluated on both functional-
ity and user experience. The prototype serves as a tangible and
interactive representation of how an Al Agent can support users in
creating and optimizing customer journeys and is further described
in Section 5.4.

Due to the iterative nature of the UCD cycle, the prototype is
continuously refined based on insights gained during the evaluation.
The final iteration of the prototype serves as the outcome of this
phase and is used as input for the user testing phase.

4.5 User testing

The last step before delivering the design solution in the User Cen-
tric Design Cycle (UCD) is the evaluation of the prototype through
user testing. The purpose of this phase is to assess whether the pro-
posed design meets the defined requirements in terms of usability,
effectiveness, and trust.

Initially, this evaluation was intended to be performed in a quan-
titative manner, through two surveys designed to be able to make a
comparison between the current Activate journey builder and the
Al Agent journey builder. However, due to a low response rate (6
out of 204) to the first survey, this approach did not obtain suffi-
cient data for significant results. As a result, the decision was made
to switch to a qualitative approach and perform user tests with
both experienced and inexperienced users of the current Activate
journey builder. During these user tests, users interacted with the
Al Agent journey builder prototype while their behavior, feedback,
and experiences were analyzed.

The user tests give an in-depth assessment of the usability, ef-
fectiveness, and trust of the Al Agent journey builder, and provide
insight into how users interact with it in practice. These findings
result in concrete recommendations for improvement, as well as
conclusions regarding the effectiveness of certain design elements.

5 STUDY EXECUTION

This section describes the execution of the research strategies and
methods presented in the previous section, following the order in



which they were conducted. It provides a detailed description of
how each method was applied in practice, including, if applicable,
the participant recruiting process, data collection, procedure, and
findings.

5.1 Interview execution
5.1.1 Participants

Seven participants were recruited through purposive sampling and
selected for their experience with Al integrations within Spotler. To
ensure a diverse range of perspectives, participants were asked from
multiple departments and roles and invited via a direct Microsoft
Teams message. The sample consisted of three participants from
the product department, two from the Al department, one from HR,
and one from the business unit. In terms of roles, two participants
held managerial positions, two operational roles, two advisory or
technical roles, and one a strategic role (Table 1). All participants
were male. The diversity in roles and departmental backgrounds
captures perspectives from strategic, technical, operational and de-
sign levels of Al integration, as well as user sentiment. Even though
the male-only perspective is not diverse, the diversity in expertise
was important to capture both high-level strategic perspectives and
practical experiences with AL

Participant | Department | Role Setting Interview

P1 Product Strategic In person |1

P2 HR Managerial | In person | 1

P3 Al Advisory / | Online 2
Technical

P4 Business unit | Managerial | Online 3

pP5 Al Advisory / | Online 4
Technical

P6 Product Operational | Online 5

pP7 Product Operational | Online 5

Table 1: Overview of participants, their department and roles,
the interview setting, and number of interview

5.1.2 Interview Design

The interviews followed a semi-structured format in order to bal-
ance consistency across interviews with flexibility to explore indi-
vidual experiences and expertise. An interview protocol was created
beforehand, consisting of a set of core questions to be asked to all
participants, and a set of additional role-specific questions for each
participant individually. The full set of questions and their justifi-
cation can be found in Table 10 in the Appendix. There, Table 9
additionally describes which participant was asked which question.

The questions were structured around four main themes: back-
ground and current use of AI(1), Al functionalities and future vision
(2), user sentiment, trust, and acceptance of Al (3), and implemen-
tation, design processes, and challenges (4). Not every participant
was asked the same questions. The core set of questions (Q1-Q7,
Q23, and Q24) was asked to all participants to ensure consistency
across interviews, while additional questions were adapted to the

participant’s role and expertise. For example, design-related ques-
tions were only posed to participants involved in product design,
while implementation questions were in turn asked to the partici-
pants with relevant experience in that field. In combination with
the follow-up questions that were frequently asked to clarify re-
sponses, this created a semi-structured approach that allowed for
deeper exploration of relevant topics that were brought up during
interviews. Additionally, it caused a collection of richer and more
nuanced data.

5.1.3 Procedure

In total, five interviews were conducted over the period of one
month. Due to convenience reasons, P1 and P2 were interviewed
simultaneously during interview 1, and P6 and P7 during interview
5. The other three interviews were conducted individually. Each
interview lasted between 30 and 45 minutes and was either held in
person or online via Microsoft Teams, depending on the participants
availability and geographical location (Table 1). At the start of
each interview, participants were informed about the goal of the
interview and the research and were asked for consent to include
their answers into the research. Participants were also informed that
their responses would be anonymized and used for this research
only.

During each interview, follow-up questions were used to clarify
responses and explore specific topics in more depth. After each
interview a detailed description of the conversation was created,
containing the questions asked, the answers given, and in case of
multiple participants in one interview, who said what.

5.1.4 Analysis Method

The collected descriptions of the interview data were analyzed using
the qualitative method of inductive thematic analysis. Using the
overview of the six-phase thematic analysis framework of Braun
and Clarke [13] and the checklist of Ahmed [1] based on that, the
interview data was systematically reviewed, coded and structured
into themes by identifying recurring patterns.

During the familiarization phase, the goal was to review and sum-
marize the data and get familiar with the participants’ responses.
Afterwards, in the coding phase, the initial codes were created by
assigning labels to the meaningful statements given. A statement
could consist of multiple codes that each describe a different aspect
of the meaning. For example the statement "Users like the feeling of
being ’in control’. They may feel like Al is taking that control away",
was coded as "Need for user control, Al reducing user control, Concern
about autonomy loss".

The codes were then grouped into broader themes after which
they were iteratively reviewed and refined based on their distinction
from each other, relevance to the research question, and their overall
coherence. The fifth step of the framework is to define and name the
themes. During this defining phase, a description of each theme’s
meaning was formulated, its relevance to the research question was
stated, and the relation to the other themes was described.

Lastly, the final set of themes formed the basis for the findings
that were then translated into design implications and requirements
described in Section 4.3 for the AT Agent journey builder.



Number Theme Description

1 Al as a means to increase productivity and effectiveness Al is not the goal in itself, but is perceived as a supporting tool, a means to make work more
effective and productive

2 Lack of understanding hinders Al adoption Lack of understanding of Al functionalities, outputs and required interaction methods, limits
adoption and effective use

3 Successful AT Agent integration requires education and train- | Education and training is needed for both employees and end-users to develop sufficient

ing understanding of Al functionalities

4 Resistance and divided sentiment around Al use Attitudes towards Al vary widely, ranging from enthusiasm to active resistance

5 Adoption depends on integration into existing workflows Al is better accepted when it is seamlessly integrated into existing processes and does not
require major behavioral change

6 Future vision of AI Agents and abstraction of tools Future contains AI Agents that take over actions and orchestrate tasks autonomously without
users having to use underlying tools

7 Regulation, trust, and transparency are context-dependent | Trust in Al systems depends on context, compliance, and data handling

Table 2: Interview themes and their description

5.1.5 Findings

The thematic analysis resulted in seven key themes that describe
how Al is currently perceived and used within Spotler. Additionally,
they also describe what the expectation for future AI development
within the organization will look like, what factors could hinder
adoption, and how trust can be enforced. An overview of the seven
themes are presented in Table 2.

Theme 1 has emerged as participants consistently described Al
as a tool to make their workflow more efficient and effective. P1
stated that they see Al as "indispensable for working smarter” and
P5 directly liked the use of Al to a reduction of productivity issues.
Additionally, P3 described Al as a "supporting tool to help users
achieve what they want", indicating that Al implementation itself is
not the goal, but the support it brings is.

Theme 2 describes the importance of the user understanding the
AT Agent’s capabilities for adoption. P5 and P6 described that "users
are often not eager to use Al if it is introduced as an extra feature that
is not essential to reach the goal they use a product for". This indicated
that if users do not see the immediate value of Al, the observed
adoption is low. Additionally, both P2 and P5 indicated that basic
Al knowledge and prompting skills are crucial for effective use.

Closely related to Theme 2, Theme 3 emphasizes that education
and guidance are essential for successful Al implementation, and
that without sufficient support, integration may fail both internally
and externally. Internally, employees must understand the AT Agent
in order to effectively sell and explain the product properly, as
P5 highlighted. Additionally, P2 explained that current training,
particularly in skills such as prompting, is not sufficient to support
future Al implementations. Externally, the user may need guidance
before initial use in order to fully utilize the capabilities of the AI
Agent.

Indicated by Theme 4, the user sentiment towards Al in general
and Al implementation specifically, was found to be divided. While
some users see immediate value, others are cautious or hesitant and
try to avoid Al use, as P5 expressed. P2 highlighted that the signs
of resistance to integrate Al into workflows might originate from a
lack of understanding, linking Theme 4 to Theme 2. P6 and P7 in
turn added to this that "users like to feel in control. The introduction
of an AI Agent could take away that sense of control”. This fear of
losing control could be an explanation for the resistance.

Theme 5 indicates that Al adoption depends heavily on how
well it is integrated into existing workflows and processes. P6 and
P7 explained that AI features that are detached from core tasks
are used less frequently, meaning that the Al should be incorpo-
rated into the core workflows and that users should clearly see
the added value of use. However, Al features should not be forced
upon users, as P4 expressed that Al optional components increase
acceptance. Lastly, P6 and P7 also emphasize that major changes
in a core system discourage users, and that changes are therefore
often made gradually. Overall, adoption is better accepted when it is
seamlessly integrated into existing processes and does not require
major behavioral change.

Theme 6 describes how participants envision a future in which
Al Agents take on a more central and autonomous role within mar-
keting automation tools. P1 introduced the idea of an Al Agent
that eventually replaces or combines multiple tools into one orches-
trating Agent that determines which underlying tool is needed, to
reduce the direct interaction with individual tools. This is further
supported by the expectation of P1 that fewer manual actions will
be needed in the future and more processes will occur behind the
scenes. Additionally, P5 envisions Al Agents as being "able to au-
tomate what the products can already do and extend it", indicating
that the Agent will not only automate existing functionalities, but
also expand them.

Lastly, Theme 7 highlights that trust in Al is strongly influenced
by contextual factors, especially in relation to regulation, privacy,
transparency, and data handling. P4 expressed that for all user
groups to be able to use the AI Agent, it should be compliant with
certain data regulations. This would require mechanisms such as
restricted data access and ensuring data handling is done in a GDPR
compliant manner. Furthermore, P4 highlighted that user sentiment
stays positive as long as regulations are met and data is handled
appropriately. This entails that trust depends not only on Agent
functionality but also on alignment with legal and ethical standards.

Summarized, the interviews show that above all, Al is valued
for its potential to increase workflow productivity and effectiv-
ity. However, successful implementation and adoption depends on
user understanding, way of integration into existing workflows,
and maintaining a balance between automation and user control.



Additionally, trust is not only based on functionality, but also trans-
parency, regulatory compliance, and the extent to which the func-
tionalities align with user expectations. These insights, together
with the themes derived from the thematic analysis, form the basis
for defining the requirements of the AT Agent journey builder. In the
following section, these findings are complemented by the results
of the tool analysis, after which the requirements care defined in
Section 5.3.

5.2 Tool Analysis execution

The selected tools for the tool analysis consist of four market-
ing technology products that have implemented Al-Agent-based
features specifically aimed at creating marketing campaigns or
building customer journeys. The functionalities needed to gener-
ate workflows, create campaigns or build customer journeys most
closely resemble the intended goal of the Spotler AI-Agent, which
is the automation and optimization of journey creation. These tools
were also selected because parts of their interfaces are publicly
available, allowing their design and functionality to be analyzed.
They include Bloomreach’s Loomi AI [11], Klaviyo’s K:AI [27],
Birdsview’s Avys [10], and Ortto’s Ortto Al [39]. Additionally, two
tools from academic literature were included to provide a theoreti-
cal point of comparison. Academic examples of Al-agent interfaces
from the last three years that include visual documentation of the
interface are limited. Therefore, only the tools of the Multiple Agent
Validation System (MAVS) [5] and OrchVis [51] are included.

5.2.1 Market Analysis

Bloomreach’s Loomi Al [11] uses Al Agents to let users generate
and optimize marketing campaigns through inserting a natural
language prompt in the prompting window. Unique to Loomi Al is
the preference window displayed in Figure 3 that appears when the
agent finds the user prompt unclear and needs explicit direction.
The user is asked to select specific boxes applicable to the prompt
which clarify the goals, themes and constraints of the task asked
to perform. Loomi Al then summarizes the campaign objective
and displays the generation process in a progress-style checklist,
creating a shared understanding and reducing the black-box effect.
The output is presented as an editable visual flow that users can
inspect and modify before launch. A pre-launch checkpoint ensures
that users have final control over the automated workflow. Trust
and usability are supported in this tool through transparent goal
summaries, visible progress indicators, and a pre-launch checkpoint,
which enforce the human-in-the-loop principle. Based on this, the
preference window and pre-launch checkpoint are incorporated
into the AT Agent journey builder to reduce ambiguity in user input
and support user control over automated actions.

Klaviyo’s K:AI Marketing Agent [27], just like Bloomreach’s
Loomi Al lets users automatically generate marketing flows and
campaigns. However, this agent does not require a text prompt, but
instead requires a website URL or basic brand information. The
minimal input the system needs is unique to Klaviyo’s approach and
reduces cognitive load through its simplicity. Klaviyo’s K:AI then
presents the user with recommendations for flows and campaigns
from which the user can choose, such as the ones displayed in
Figure 4. The user can then edit, launch or reject the chosen recom-
mendation card based on the visual flow that is displayed. This part
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Figure 3: Screenshot of the Bloomreach Loomi AI preference
window interface. Source: Bloomreach website [11]

of the interaction model closely resembles Bloomreach’s approach,
as autonomous flow generation is followed by human intervention
in a visual editing environment. The human-in-the-loop decision
points and the clear flow visualizations reinforce trust and usability
in Klaviyo’s K:AlL Due to the cognitive load reduction enabled by
the recommendation cards, this design element is extracted and
implemented in the Al Agent journey builder.
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Figure 4: Screenshot of the Klaviyo K:AI Marketing Agent
recommendation cards interface. Source: Klaviyo website [27]

Avys by Birdsview [10] differentiates itself from the other tools
through its fully automated approach, in which customer segmen-
tation, targeting, and campaign generation are performed without
the user having to input data or build any workflow manually.
Birdsview’s Avys can be described as an AI-Agent-powered email
marketing manager that automatically generates and optimizes
hyper-personalized email campaigns. To do so, Avys analyzes the
entire product catalog and customer database. Obtaining visual in-
sight into the Avys interface is difficult, as their agent first needs to
be trained on each user’s data before it operates fully autonomous.



Compared to Bloomreach and Klaviyo, Avys prioritizes ease-of-
use by minimizing user input and operational effort, while also
reducing intervention possibilities. While this approach increases
efficiency, the limited visibility into the internal process of the
agent reduces transparency and may therefore negatively affect the
trust in the system. Because of this potential loss of trust, the fully
automated approach of Birdsview’s Avys is not implemented in the
AT Agent journey builder. However, this tool has contributed to the
identification of opportunities for automatic optimization practices
after journey launch, which can be considered for future versions
of the Al Agent.

Ortto’s Ortto Al [39] consists of multiple embedded Al features
integrated into their existing marketing automation tools and can
therefore strictly not be seen as an autonomous Al-Agent. However,
the Al enrichment feature contains a visual journey flow relevant
for Spotler’s objective, which is why the tool is included into this
tool analysis. The Al enrichment feature automatically enhances
customer data using Al and connected data sources. Users start the
interaction by inserting a natural language prompt, after which
the Al displays the result through interface components the user is
familiar with, such as either a contact list, workflow diagram or a
decision branch that clearly shows how customers are segmented.

Similar to Bloomreach and Klaviyo, the user can inspect, edit
and override the Al generated output before execution. This in-
creases the transparency of Ortto Al and therefore supports trust.
The recognizable interface elements in turn aid usability within the
system. Across multiple tools, the ability to inspect, edit, and over-
ride Al-generated outputs is consistently observed. These elements
are translated into concrete requirements to support transparency
and user control in the Al Agent journey builder. Similarly, the
use of natural language prompting is identified as an effective de-
sign choice and incorporated into the requirements as main way of
interaction.

5.2.2 Analysis of Academic Literature

The Multiple Agent Validation System (MAVS) [5] aims to solve
the issue of uncertainty, ambiguity or unsupported claims in LLM-
generated summaries by supporting users in validating these sum-
maries. MAVS combines three agents, a query agent, an analytic
agent, and an evaluative agent to subsequently retrieve sources,
highlight uncertain statements, and suggest possible actions. The
agents act as a validation layer for the LLM output as they give in-
sight into the confidence scores and risk assessments. The interface
visualizes this by dividing the screen into three panels, showing the
generated summary output, highlighted uncertainty cues, and an
alert report flagging the sources of the uncertain cues. Unlike the
market tools analyzed before, MAVS focuses solely on validation of
Al-generated information, not the generation of it. The visualization
of uncertainty, confidence indicators, and risk assessment allows for
informed decision-making and gives users insight, increasing trust.
The indication of uncertainty can also positively influence the trust
in an Al-based system. MAVS clearly emphasizes the importance
of indicating and managing uncertainty in Al-generated outputs.
Based on this, the AT Agent should communicate uncertainty about
the user’s input back to the user and request clarification. This tool
therefore provides the foundation for determining when and why

uncertainty clarification is needed, as well as when the preference
window needs to be shown.

OrchVis introduces the concept of an overarching agent that
coordinates the tasks performed by multiple sub-agents. Similar
to Bloomreach Loomi Al and Klaviyo, the user inserts a task de-
scription in natural language, after which OrchVis confirms and
aligns the goal of the task with the user before execution. During
this process, OrchVis only presents the user with the high-level
goal summaries to reduce cognitive load. Different from other tools,
OrchVis allows users to expand the goals and task execution steps
for inspection, increasing the transparency into their underlying
processes. The execution itself is displayed as a workflow visualiza-
tion that shows the tasks assigned to each agent, as shown in Figure
5. While market tools such as Klaviyo’s K:AI and Ortto Al focus on
generating marketing campaigns or workflows, OrchVis addresses
the broader challenge of how users can effectively oversee multiple
agents working simultaneously towards a shared goal. Although
the framework for the orchestrating agent OrchVis has not been
evaluated, it highlights the benefits of abstracting detailed processes
while allowing inspection of goals, reasoning, and agent dependen-
cies. This approach can improve transparency, usability, and user
control when designing an Al-agent interface for the marketing
technology domain. Therefore, the design elements of abstracting
detailed processes and explicitly aligning goals are implemented
into the AI Agent journey builder.

The tool analysis identifies key design elements that inform the
AI Agent journey builder. From Bloomreach’s Loomi Al, the pref-
erence window and pre-launch checkpoint are implemented to re-
duce input ambiguity and ensure user control. From Klaviyo’s K:Al,
the recommendation cards will lower cognitive load. Birdsview’s
Avys highlights the trade-off between automation and trust, lead-
ing to the decision to refrain from full automation but wanting to
integrate automatic optimization practices in future Al Agent ver-
sions. Across multiple tools, including Ortto Al, natural language
prompting and the ability to inspect, edit, and override outputs are
implemented to support usability, transparency, and control. There-
fore, these elements are also integrated into the AI Agent journey
builder. MAVS introduces the need to communicate uncertainty and
request clarification, forming the foundation for when the system
should ask for additional user input. OrchVis in turn contributes
to the requirements of the AI Agent through its goal alignment
and abstraction of complex processes with optional inspection. To-
gether, the elements derived from these six tools contribute to the
requirements of the AI Agent and support the development of a
system with high usability, trust and effectiveness.

5.3 Requirements

Based on the seven themes extracted from the interviews and the
key design element identified in the tool analysis, seven groups of
requirements are specified. Each group consists of a set of specific
requirements, which are further motivated and justified in Table 3.

R1, Human Agency. The requirement group of human agency
is all about the user remaining in control throughout the interaction
with the AI Agent. It makes sure the Agent stays in a supporting
role, increasing workflow efficiency, while the end-user keeps the
decision-making role. This principle is reflected in the requirement
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that describes that users must be able to review, adjust, and override
generated outputs before execution, especially when it concerns
high-stakes decisions (H1). Next, the Agent should require explicit
user confirmation before executing high-risk or irreversible actions
(H2). These decision point are not the only way user control is
being protected, the interruption possibilities also contribute. That
the user should be able to pause or stop the Al Agent’s actions at all
times (H3) is a great example of such an interruption. Lastly, human
agency is enforced through the requirement of the user being able
to make small, constrained adjustments to Al-generated outputs
(H4). This allows users to refine results without losing the efficiency
benefits the Al Agent brings. Embedding human agency through
these requirements ensures that users remain involved throughout
the interaction, which proved to be important in literature, tool
analysis, and interview insights, where a lack of control led to
hesitation in relying on AI output.

R2, Transparency. The transparency requirements are intro-
duced to make the Agent understandable in both the role it fulfills
and the behavior it exhibits. To safeguard the transparency, the user
should first be able to understand when they are interacting with
an Al Agent (T1) in order to make an honest calibration of their
trust. To increase trust, the Agent should also clearly communicate
what the role of the AI Agent is and what types of tasks it can and
cannot perform (T2). Transparency is also influenced by the way
actions are presented. Therefore, the Agent should clearly differen-
tiate between Al suggestions, recommendations, and autonomous
actions (T3). Lastly, the user should be able to easily differentiate
if action is required of them or if the Agent is in a running state
and be able to see the current status of long-running tasks (T4).
Altogether, these requirements reduce uncertainty about Al Agent
behavior and helps the user create an accurate mental model of its
capabilities.

R3, Explainability. Explainability addresses the need for users
to understand why the Agent produces certain outputs, recommen-
dations or suggestions. However, extensive explanations are often
not desired, as they can create cognitive overload. Therefore, the
user should receive short, understandable explanations for why
the Al Agent made a recommendation or decision (EX1). This al-
lows users to quickly assess whether a suggestion aligns with their
goal without being overwhelmed by unnecessary detail. After task
completion, the user should receive a clear structured summary
of outcomes and next steps (EX2), giving them insight into their
progress towards their goals and guiding them towards next steps.
Detailed reasoning should only be visible when errors occur or
when goals are misaligned (EX3), the user can then, upon request,
inspect the issues. When errors occur, the Agent should explain
what happened and how it will adapt in the future (EX4), guiding
the user towards a solution to resolve the problem. The AI Agent
should also visually and interactively indicate uncertainty (EX5) to
help users interpret the reliability of the output and make informed
decisions about whether to trust, verify, or adjust the result.

R4, Consistency. The consistency requirements ensure that the
Al Agent behaves in a predictable and stable way across many inter-
actions, allowing users to form reliable expectations of its behavior.
While Al outputs are inherently variable, the reasoning and infor-
mation sources used across interactions should maintain consistent
(C1), enabling users to better understand how the Agent operates.
Additionally, when multiple valid outcomes exist, the user should be
presented with clear options to choose from (C2), enforcing human
agency through limited decision-making and consistency in behav-
ior. However, inevitably, the Al Agent will undergo updates and
improvements. When these updates alter the behavior of the Agent,
the user should be informed about the implications (C3), preventing
confusion over time. Consistency is further ensured through the
communication style of the Agent, which should communicate in
a professional, neutral, and task-focused manner, consistent with
Spotler’s brand values (C4). The need for consistency in systems is
widely recognized, as unpredictable Al behavior has been shown
to negatively affect trust and usability.

R5, Privacy. The Agent should be GDPR compliant and ensure
that user data is handled in a transparent, secure, and responsible
manner throughout the interaction. As the Agent in time will use
behavioral data to improve user experience, the user must be made
aware of how this data is collected and used. This must firstly be
done through explicitly requesting informed user consent before
first use (P1), making data collection a deliberate choice rather than
an implicit assumption. Additionally, the user should be able to
access clear explanations about data handling, privacy protection,
and fairness measures at any time (P2). The Agent should also min-
imize biased or discriminatory outputs by visibly communicating
that safeguards against bias are in place (P3). To achieve this pri-
vacy, the user should be able to see what personal preferences or
context the AT Agent remembers from past interactions (P4). This
contributes further to transparency and user understanding as well.
These requirements reflect the broader concerns around trust and
ethical Al use expressed in literature and user interviews, where
lack of a sense of privacy is seen as a barrier for adoption.



Requirement Requirement Source Evidence Implemen-
group type ted
H1 - The user should be able to review, confirm, edit, or | Literature, Facilitating human intervention limits algo- | Yes
override the Al Agent’s outputs before execution Interviews | rithm aversion [15][19]
R1: Human agency | o _Tpe A1 Agent should require explicit user confirma- | Literature, | Use human-in-the-loop (HITL) for high-| Yes
tion before executing high-risk or irreversible actions. Interviews | stakes decisions [6], interview Theme 4
H3 - The user should be able to pause or stop the AI | Literature, Enable immediate users intervention [19], in- | No
Agent’s actions at any time. Interviews | terview Theme 4
H4 - The user should be able to make small, constrained | Interviews Allow limited user modification of outputs, | Yes
adjustments to Al-generated outputs. interview Theme 4 & Theme 6
T1 - The user should be able to understand when they are | Literature Improve customer satisfaction and trust | Yes
interacting with an Al Agent. through an ethical and transparent AI Agent
R2: Transparency interaction [15][47]
T2 - The AI Agent should clearly communicate what the | Literature, | Provide transparent capability disclosures [6], | Partially
role of the AI Agent is and what types of tasks it can and | Interviews | interview Theme 2 & Theme 4
cannot perform.
T3 - The interface should differentiate between Al sug- | Interviews | Distinguish levels of agency, interview Theme | Yes
gestions, recommendations, and autonomous actions. 6
T4 - The user should be able to see the current status of | Literature Provide real-time progress indicators [6] Yes
long-running tasks.
EX1 - The user should receive short, understandable ex- | Literature, | Provide concise, user-friendly explanations | Yes
planations for why the AI Agent made a recommendation | Interviews | for decisions [6][47], interview Theme 2 &
or decision. Theme 3
R3: Explainability
EX2 - After task completion, the user should receive a | Literature, Include structured summaries of results | Yes
clear, structured summary of outcomes and next steps. Interviews [51][6], interview Theme 6
EX3 - The user should only see detailed reasoning or steps | Literature, | Keep the display of detailed task steps to a | Partially
when errors occur or when goals are misaligned. Interviews | minimum [51], interview Theme 6
EX4 - When something goes wrong, the system should | Literature, | Explain mistakes and how the Agent will pre- | Partially
explain what happened and how it will adapt in the future. | Interviews | vent the fault in the future [6][19][51][47],
interview Theme 4
EX5 - The system should visually and interactively indi- | Literature Clearly communicate uncertainty in outputs | Yes
cate uncertainty so users can interpret results accurately. [61[47][5]
C1 - The Al Agent should maintain consistency in its rea- | Literature Minimize inconsistencies in answers and ac- | Yes
soning and use of information sources across interactions, tions [6]
R4: Consistency even when outputs differ.
C2 - When multiple valid outcomes exist, the user should | Literature, | Offer multiple clear options when variability | Yes
be presented with clear options to choose from. Interviews | is necessary [19][6], interview Theme 5
C3 - The user should be informed when the Al Agent’s | Interviews | Communicate behavioral changes, Theme 3 | Not in pro-
behavior changes due to updates, new capabilities, or al- & Theme 5 totype
tered logic.
C4 - The AI Agent should communicate in a professional, | - Align AI Agent persona with Spotler’s func- | Yes
neutral, and task-focused manner consistent with Spotler’s tional brand
brand values.
P1 - Explicitly request consent for personal or behavioral | Literature, | Explicitly ask for consent to collect user data | Not in pro-
data use before first use, clearly explaining what data is | Interviews [15], interview Theme 7 totype
R5: Privacy used and for what purpose
P2 - Give access to clear explanations about data handling, | Literature, | Give insight into data handling, privacy pro- | Not in pro-
privacy protection, and fairness measures at any time Interviews | tection, and fairness regulations. [6][15][28], | totype
interview Theme 7
P3 - Minimize bias or discriminatory outputs by visibly | Literature Limit discriminatory practices by diversifying | No
communicating that safeguards against bias are in place. training data [15]
P4 - Give insight into the personal preferences or context | Interviews | Make AI Agent memory visible Yes
the AI Agent remembers from past interactions.
R6: Goal alignment | G1 - Confirm the user’s goal before executing multi-step | Literature, | Check if user and Al Agent agree on the goal | Yes
actions. Interviews [51][6][52]
) ERT1 - The user should never encounter a state where | - Prevent dead-end interactions Yes
R7: Error prevention progress is blocked without guidance or alternatives.
ER2 - The system should clearly warn users when'AI- | Interviews | Communicate shared consequences, inter- | Yes

generated actions impact shared campaigns, customers,
or data.

view Theme 6

Table 3: Requirements and their source type, evidence and implementation justification




R6, Goal alignment. When inserting a prompt in natural lan-
guage, a risk of ambiguity or misinterpretation arises. Goal align-
ment ensures that the Agent accurately interprets the goals the
user expresses. Therefore, the AI Agent should confirm the user’s
goal before executing multi-step actions (G1). This can be achieved,
for example, by restating or summarizing the intended outcome
of the upcoming or previous performed action. This check allows
users to verify whether the interpretation of the Agent matches
their intent, allowing them to make adaptions early in the process.
Not only is aligning intentions at the beginning important, but con-
tinuously doing so throughout the interaction is equally important,
as demonstrated in the Bloomreach tool, where the system provides
ongoing feedback on performed actions. This reduces the risk of
early misalignment and improves overall task effectiveness.

R7, Error prevention. Errors are inevitable, but can be miti-
gated. Therefore, good error prevention is necessary to minimize
both the likelihood of errors and their impact on the interaction. A
first key principle is that users should never encounter a state where
progress is blocked without guidance or alternatives (ER1). Instead,
the Agent should continuously provide suggestions, alternatives, or
next steps, ensuring that users can move forward. Additionally, the
Agent should clearly warn users when Al-generated actions impact
shared campaigns, customers, or data (ER2). This allows users to
anticipate outcomes and make informed decisions, reducing the
risk of unintended effects. Together, these requirements improve
both the reliability and usability of the Al Agent.

Combined, these requirement groups and specific requirements
provide the foundation for the design of the AI Agent journey
builder. In the following section, they are translated into design
decisions and implemented in the prototype, ensuring that the
design is grounded in these requirements.

5.4 Prototyping execution

The requirements are translated into a near fully functional proto-
type of the AI Agent journey builder. This section describes how
this translation is carried out in practice. To provide a structured
overview of this phase, a distinction is made between the descrip-
tion of the technical process, the design process and its justified
choices, and the description of the final prototype. The technical
description encapsulates the prototype architecture and explains
what tools were used and which steps were taken during the appli-
cation development (Section 5.4.1). The prototyping design process
focuses on how and why the prototype was built and the key design
decision that were made (Section 5.4.2). On the other hand, the final
prototype description explains what components the AI Agent con-
sists of and how the requirements are implemented (Section 5.4.3).
The code behind the prototype can be accessed through Google
Drive*

5.4.1 Technical description

At first instance, the prototype was intended to be developed as a
high-fidelity (hi-fi) prototype with limited functionality, in which
specific predefined workflows could be configured and tested. While
in some cases low-fidelity (lo-fi) prototypes also suffice for exploring
user interaction with a system, this approach was not suitable

* https://drive.google.com/file/d/1zaLSCBpx4CKsHVFF2SS10zGxpAgsndYf/view ?usp=sharing

for this research, as the goal of the research is to get insight into
the usability, trust and effectivity of the prototype. To test these
aspects, the interaction between the prototype and the user needs
to be responsive and iterative, which are prerequisites you can
not accomplish with static or simplified versions, ruling out the
options of both hi-and lo-fi prototypes. Therefore, after exploring
the possibilities of vibe coding, this method was eventually chosen
to develop a near fully functional AI Agent prototype that enables
real-time interaction with the Agent. Additionally, the AT Agent
is able to generate complete customer journeys based on natural
language input.

Vibe coding is a concept first introduced by Andrej Karpathy [26]
in 2025 through a post on X and can be described as a conversational
way of coding where you generate code through a conversation
with agentic software development tools [42]. Essentially, as Meske,
et al. describe, "humans and Generative Al engage in a collaborative
flow to co-create software artifacts through natural language dialogue”
[35].

For the development of this prototype, Google Al Studio was
selected as the development environment, which uses the Gem-
ini 3 Flash model for the conversational interactions and coding
process. For the functioning of the prototype itself, the Gemini 2.5
Flash model was chosen, as this model provides a suitable balance
between performance, response speed, and API cost.

The vibe coding process started with an initial prompt entered
into the builder, in which the application to be developed, includ-
ing its functionality, visual design, and layout preferences, was
described in detail. Based on the initial application structure and
code output generated by the builder upon entering this prompt,
the process of iterative refinement started. Each refinement was
specifically targeted at small portions of functionality or visual
presentation. By making small targeted adjustments each time,
changes could be reviewed as they occurred and implemented in a
controlled matter, without having to rewrite parts of the applica-
tion in a later stage. Parallel to the edits made through prompting,
changes were also made through direct manipulation of the code,
occasionally with assistence of Anthropic’s Claude Al [3] and Chat-
GPT by Open AI [38]. In the development process, emphasis was
placed on refining the structure and consistency of the Al output
in both the chat responses and visual flow creation. This ensured
that the generated journeys were not only technically valid, but
also interpretable and usable from a user perspective. Additionally,
these refinements contributed to a more stable interaction flow and
increased reliability of the prototype during user testing.

Technically, the prototype consists of a front-end interface through
which the users can interact using natural language inputs. The
interface is connected to the back-end which communicates with
the Gemini API, allowing the AT Agent to generate journeys based
on this user input. An abstracted overview of the process is de-
picted in Figure 6. The Al-generated output is sent back from the
Gemini API to the back-end in JSON format, where it is parsed
and normalized to match the required structure for importing the
journey into Activate.

Terms in the JSON output Gemini returns might differ from the
terms used to generate the nodes of the flow in Activate. Therefore,
the first step is to normalize the output and change all inconsistent



type names given to nodes to normalized ones recognized by Ac-
tivate. Then, any empty fields required for the generation of the
visual journey flow are filled with defaults. This step ensures that
every node in the flow for example has a title and id. Then, depend-
ing on the type of node, the settings of each node are normalized
to prevent errors.

Following the normalization, is the parsing phase in which the
normalized JSON data is transformed into a flat React Flow graph
that can be used to draw the nodes into a visual flow in the user
interface. During this transformation, the nested structure of the
JSON essentially gets flattened into a list of all the nodes and a list of
all the arrows between the nodes. The processed JSON is then sent
to the front-end, where it is translated into a visual journey flow and
presented to the user. This architecture allows the user to interact
with the Agent in real-time and in an iterative manner. A detailed
overview of the process can be found in Figure 10 in the Appendix.
The sequence diagram illustrates one complete interaction cycle of
the Al Journey Builder. This cycle is executed iteratively as users
refine their input via the sidebar, where each iteration reuses the
chat history and current journey state as context.

Forward
Send prompt Send prompt Google
N F;’"r‘f'e nd prompt Back-end Gemini
LIS o 2.5 Flash
.........................
Visual Parsed JSON output

User journey flow JSON output

A

API Authentication kev@

Figure 6: Overview of the prototype architecture and data
flow between user, interface, backend, and AI model

5.4.2 Design process

Besides technical decisions on the architectural structure, many
design decisions had to be made that shape the interaction between
the user and the AI Agent. The requirements described in Section 4.3
formed the basis of these decisions and all aim to support usability,
trust, and effective journey creation.

Firstly, a design decision was made about the way of user in-
teraction. A goal-driven approach was chosen in which the user
can describe their intent in natural language instead of manually
having to drag-and-drop each step of the journey. This reduces
the cognitive effort needed for building journeys, as the separation
into individual technical actions has been automated. Additionally,
users that have used Al before are familiar with the concept of
a prompt bar, and will recognize what is asked of them instantly,
lowering the learning curve and supporting usability, especially for
users with less technical experience (T1, T2, C1).

To help users create a fitting mental model of the functionalities
of the AI Agent, recommendation cards are placed directly below
the prompt bar. This prevents the user from being overwhelmed

by the open-ended nature of the empty prompt bar and gives them
direction and examples (EX2). The cards are based on common
marketing use cases, such as abandoned cart recovery and welcome
series, making them immediately recognizable for the target audi-
ence (T2). Subsequently, the design choice was made to not present
all the recommendation cards at once, but instead apply progressive
disclosure to prevent information overload (EX3). As a result, the
user can explore more recommendation cards upon request.

Then, because of the international nature of Spotler, the AT Agent
must be available in both English and Dutch. Gemini 2.5 Flash de-
tects the language of the input and responds in the same language
by default. However, the static headers, buttons, and text wrappers
are not automatically translated. Since the Activate platform for
which the AI Agent is developed already possesses the possibil-
ity to switch languages through its settings, it is important that
the prototype simulates the same functionality, which is achieved
through introduction of the language toggle (C1).

As discussed in Section 1.2, the importance of good prompt en-
gineering cannot be overlooked. However, if the user is unable to
create a prompt that is specific enough to generate a journey from,
the design choice is made to include clarifying questions or even a
preference window if needed. The AI Agent assesses the vagueness
of the prompt by determining whether it contains a trigger, action,
and timing before attempting to generate a flow. Based on the de-
gree of vagueness detected, either a clarifying question is asked, or
a preference window inspired by the tool of Bloomreach’s Loomi
Al is presented. This design choice of addressing vagueness proac-
tively keeps the user in a guided flow while preventing a mismatch
between user intent and Al output (EX5, G1, ER1).

In terms of conversational design choices, the deliberate choice
was made to create a fixed structure for the chat responses of the
AT Agent, always consisting of the following elements:

(1) Assumptions - The Al Agent communicates what it as-
sumed based on the prompt when generating the journey,
giving insight into the reasoning behind autonomous de-
cisions and increasing transparency and explainability. As-
sumptions are only presented when a new journey is gen-
erated or an adjustment is made to an existing one (EX1,
T3).
Recommendations - The AI Agent includes exactly three
suggestions for improvement of the journey. The number
three is chosen deliberately: it offers the user a meaningful
choice without creating decision fatigue (C2). To ensure the
recommendations remain unique, the AI Agent tracks the
conversation history, so that follow-up advice feels more
personalized (C1). As with assumptions, recommendations
are only given when a new journey is created or an existing
one is adjusted.

(3) Question - Every conversation response from the Al Agent
ends with a direct question to the user, making the interac-
tion feel like a dialogue rather than a one-sided AI output.
The question is meant to serve as a call to action, preventing
the user from being stuck in the interaction (ER1).



Given that journey creation use is not instantaneous as the Al
must analyze the prompt, produce a structured response, and nor-
malize it into a visual flow, the user must be updated on the progress
of the process. To address this and contribute to transparency, the
design choice of adding real-time progress indicators during load-
ing was introduced to give the user insight into which process the
Al Agent is working on (T4).

To further increase transparency, the design element of node
detail panels were introduced, which provide more insight into node
settings once hovered over. The choice to reveal this information
on hover is another example of progressive disclosure, where users
are not overwhelmed with information instantly, but have agency
over their own user experience. This design element also increases
explainability as it provides the user with more insight into the
autonomous configuration choices made by the Al Agent (EX3).

Additionally, the conversation panel is positioned on the side of
the screen rather than at the bottom, as seen in many conventional
LLM interfaces. Since the primary goal of the user is to create and
inspect a customer journey, the visual canvas, where the flow is
displayed, must be easily accessible and the center of the interface.
Placing the conversation panel on the side ensures the visual canvas
remains the dominant element while keeping the chat accessible at
all times. Within that conversational panel, the choice was made
to let the AT Agent make a distinction between responding and
adjusting the journey flow, or responding conversationally without
modifying it, based on the nature of the user input. This prevents
unwanted changes when the user is just asking a clarifying question,
increasing human agency and control (H1, H4, P4).

Similarly, to increase consistency and goal alignment, the choice
was made to analyze the user prompt for similarities with the pre-
built templates. If at least one keyword from a template’s keyword
list is detected in the user’s prompt, the AI Agent appends a tem-
plate implementation suggestion to the conversational window.
Following, the Al Agent informs the user their request closely re-
sembles an existing template and offers them the option to use it
as a starting point instead. Afterwards the user can implement the
template through one button click. This reduces unnecessary jour-
ney generation for use cases that are already covered by a pre-built
template, increasing effectiveness and efficiency (C2, G1). However,
the design choice is made to apply this functionality with caution.
The suggestion for template use, if applicable, is only triggered once
per conversation and is never triggered if the user chose to initiate
the journey building process through using the recommendation
cards (C1).

When the user is ready to launch the journey through the launch
modal, the next design decision presents itself. In the launch modal,
before the journey gets activated, the user is presented with an
overview of all possible implications and consequences the launch
has on shared data, other users, or other journeys. This increases
human agency because explicit user confirmation is asked before
irreversible actions take place and prevents errors through clear
warnings (H2, EX2, ER2). In the same launch modal, the decision
was made to include toggles for journey optimization features. The
user can choose whether and how they want the journey to be
optimized, giving them direct control over the final configuration
before committing to the launch the journey, increasing human
agency (H1).

Besides, to prevent errors, the API retries failed calls up to three
times before giving up. If all three attempts fail, the user receives a
fallback message in their own language, informing them of what
went wrong. Three retries were chosen because repeated unsuc-
cessful attempts are likely caused by either the prompt or the data
transformation rather than an API issue. Therefore, retrying again
would likely not result in a success, but instead cause unneces-
sary delay for the user. A clear fallback message in this case is
the best choice and provides insight into the process, enhancing
explainability (EX4, ER1).

Furthermore, a design decision was made regarding the persona
of the AI Agent. Rather than presenting the Al Agent as a neutral
tool that executes instructions, the system prompt defines it as a
“proactive and helpful colleague that improves tasks and is one step
ahead’. The Al Agent therefore does not just respond to what is
asked, but also anticipated next steps, provides useful suggestions,
and communicates in a proactive manner (C4, T2). This choice was
made to align the agent’s behavior with Spotler’s values and to
make the interaction feel natural and trustworthy.

Finally, some design decisions were included because of the lim-
ited nature of the prototype. In a fully functional launched version
of the AI Agent, these decisions would likely be handled differently
or not be required at all. The first decision is the explicit refusal of
an undo functionality in which the user can ask to restore a pre-
viously generated journey flow. Due to size limitations of the API
calls, the prototype cannot maintain a version history of generated
flows and therefore can also not restore them (T2). Rather than
failing without fallback or displaying inconsistent behavior, it was
chosen to let the Al Agent communicate to the user that version
restoring is a limitation and redirect them to describe what the
journey needs to look like instead (EX4).

Similarly, the launch modal is altered in the prototype to be able
to use it for user testing. Where in a fully functional product, the
launch modal would actually launch the journey, this workaround
causes the launch button to be changed to an export button. This
allows the user to export the JSON to their clipboard to then paste
it into Activate. This is necessary because the prototype is not
coupled to Activate and through this way, the generated journey
from the prototype can still be launched through Activate (ER1).

5.4.3 Prototype description

The interaction of the user with the AI Agent can be divided into
two stages, namely the landing page and the journey editor, depicted
in respectively Figure 7 and 8. Each of these stages will be described
in the following section.

When the user arrives on the landing page, there are two ways
to start the interaction. The user can either describe their goal or
task in natural language in the input field of the prompt bar and
click the ’Create’ button, or choose one of the pre-built templates
described in the recommendation cards below the prompt bar. These
pre-built templates represent the most commonly used customer
journeys in the marketing technology domain. Upon arrival on
the landing page, only three of the recommendations are shown.
However, the user can choose to explore more cards by clicking
the "More recommendations’ button, revealing additional templates
beyond the initially displayed set.
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Figure 7: Screenshot of the AI Agent prototype showing the
landing page containing the prompt bar, recommendation
cards, and language toggle

If the user chooses one of the recommendation cards, the pre-
built journey loads instantly and Gemini only provides additional
improvement suggestions through the chat. On the other hand,
if the user has submitted a prompt, the AI Agent analyzes the
request and determines the vagueness of the prompt, as described
in Section 5.4.2. If the prompt is specific enough, the Al Agent
proceeds to generate the customer journey flow. If the prompt
needs specific clarification about the journey, such as timing, trigger
event or goal, the Al Agent will ask the user a question in the
conversational window before proceeding with generation. Lastly,
if the prompt is not sufficiently specific to generate a journey, the
preference window shown in Figure 9 is presented to the user,
which contains six to nine options across the categories Goals,
Themes, and Constraints, allowing the user to clarify their intent.
The presented options dynamically adapt according to the user
prompt.

After inserting the input, the AI Agent will generate a journey
flow and switch to a two-column editor (Figure 8). On the left,
the AI assistant with the conversational panel, including a con-
versation history and an input field for follow-up questions and
adjustments, can be found. In the conversational panel, the inserted
prompt or corresponding pre-build prompt is displayed, followed
by the response of the Al Agent. The input bar at the bottom of
this conversational panel is responsive and will increase its height
up to six lines, allowing the user to clearly view their input. Addi-
tionally, when the user sends a prompt to the chat, the AI Agent
indicates that it is processing the request through a typing indicator
displayed in the chat. These three dots represent that the Agent is
generating a response, confirming to the user that the prompt has
been received and is being processed.

On the right side of the interface, the visual canvas displays the
generated journey flow as a visual node graph. In case the flow does
not fit the screen, zoom buttons in the upper right corner allow the
user to zoom in, zoom out and reset the view. Each type of node in
the flow is color-coded by type and follows the existing Activate
journey builder design to create familiarity for the user. The start,
finish, and exit nodes are the green circles with the flag icon and
indicate the start or endpoint of the journey. The dark blue square-
shaped action nodes include Email, Messaging, Audience, Webhook,

Trigger, Update profile, or Notification nodes that indicate an action
is performed or data is modified. Then lastly, the orange diamond
shaped nodes are the conditional nodes and indicate a certain con-
dition has to be met before the journey can continue. These nodes
include the Wait, Wait until, A-B split, Visitor split, Audience split,
Product split, Teleport, and Engagement split nodes.

When hovering over a node, the detail panel with an abstracted
overview of the configured settings is displayed. This includes key
parameters such as timing, conditions, or configuration details,
allowing the user to inspect the configuration of each node without
altering the main view. Additional node details and their full settings
can also be requested through the conversational window.

Once the user is satisfied with the journey, it can be exported
into the Activate product environment in two ways. The first way
is by clicking the ’Launch’ button in the upper right corner, which
opens the launch modal shown in Figure 12 in Appendix 10.3. This
modal functions as a final review step, providing a summary of the
generated journey and giving the user the opportunity to adjust
the settings and check the implications of the launch on other team
members or existing journeys. Through toggles, the user can choose
to enable or disable the self-optimization setting, which learns and
optimizes targeting based on real-time data or the smart scheduling
setting, which ensures delivery at optimal recipient times. After all
settings are adjusted and the implications are checked, the journey
is ready to be launched. However, due to the limited functionality of
the prototype, the journey cannot be executed within the AI Agent
environment. Therefore, the ’Launch’ button that would ideally be
inserted in this modal is replaced with an ’Export JSON’ button that
leads to the export modal.

The second way of exporting the journey generated by the Al
Agent into the Activate product environment, is through the export
modal shown in Figure 11 in Appendix 10.3. The modal includes
instructions on how to import the JSON into Spotler Activate to
guide the user step by step. Additionally it contains the JSON it-
self, which can be easily copied to the clipboard by clicking the
designated button. At any time while in either the launch or export
modal, the user can return to their flow to make adjustments by
clicking the ’Close’ or ’Cancel’ button.

Lastly, the prototype supports both Dutch and English, allowing
users to select their preferred language using the NL/EN toggle in
the upper right corner. This switches the entire interface language,
including Al responses, template labels, headers, modals and er-
ror messages. If the user does not use the toggle but still decides
to use another language than set in the interface, the AI Agent
automatically detects the input language and responds accordingly.

The mapping in Table 4 illustrates how the defined requirements
in Section 4.3 are implemented within the Al Agent through con-
crete features and design choices. Rather than being addressed
individually, many of the requirements are reflected across multiple
parts of the Al Agent, where single features contribute to multiple
requirements at once.

Even though most of the requirements are incorporated into the
prototype, the level to which they are included differs. In particu-
lar, R5 (privacy) is only partially addressed due to the scope and
technical limitations of the prototype. Explicitly requesting consent
for personal or behavioral data use (P1, Table 3) is an example of
a requirement that could not be implemented, as no personal or
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Figure 8: Screenshot of the AI Agent prototype showing the two-column editor, with on the left the conversational window and

on the right the visual flow canvas.

spotier

° I'VE SPOTTED SOME OPTIONS TO REFINE YOUR CAMPAIGN

‘Groate afourney that sends out amalk during the holldays'

Figure 9: Screenshot of the AI Agent prototype showing the
preference window with options to clarify the user prompt

behavioral data is linked to the prototype in the first place. The
same applies to P2, where users should receive clear explanations
about data handling, privacy protection, and fairness measures.
These requirements only become relevant once user data is used
and collected for process improvement purposes. Additionally, no
actions were taken to minimize bias or discriminatory outputs, as
suggested in requirement P3.

Besides privacy-related limitations, other requirements are also
only partially realized due to the prototype’s limited nature. For ex-
ample, while consistency (R4) is supported through a fixed response
structure and standardized visual elements, the unpredictable na-
ture of Al can still result in differences in output for similar inputs.
This may affect the predictability of the system’s behavior for users.

Finally, the prototype has technical limitations that affect the
extent to which requirements are fulfilled. The AT Agent does not

have session storage or full integration with the Activate produc-
tion environment, meaning that the generated journeys cannot be
executed by the AT Agent directly and the interaction will be lost
when the user refreshes their session. These limitations may cause
the level of control and consistency to decrease.

5.5 User testing execution

During the user testing, the Al Agent prototype described in the
previous section is analyzed and assessed on usability, effectiveness,
and trust. This section outlines how the user tests were conducted,
including the participant recruiting process, test protocol, proce-
dure, and findings.

In total, six participants took part in the user testing, three expert
users who were familiar with the current Activate journey builder
for internal testing, and three users with no experience with the
current journey builder for external user testing. By incorporating
both experienced and inexperienced users into the evaluation, a
more complete view is obtained of the range of users expected to
use the AI Agent once implemented. First, Section 5.5.1 describes
the goal, participant recruitment, user test design, and procedure of
the internal user testing. Then, Section 5.5.2 presents the same for
the external user testing. Lastly, Section 5.5.3 describes the analysis
method used.

5.5.1 Internal testing

The goal of the internal user testing with experienced Activate
journey builder users was to evaluate how the Al Agent journey
builder prototype performs in comparison to the current Activate
journey builder. Specifically, the aim was to analyze the following
factors of the Al Agent:



Requirement Implemented Feature(s)

R1 - Human agency | Users can review, adjust, and override generated
journeys before execution through the visual editor
and conversational interface. Explicit confirmation
is required before export via the launch modal, and
users can iteratively refine outputs through follow-

up prompts.

R2 - Transparency | Transparency is supported through visible Al re-
sponses, typing indicators, and real-time progress
feedback, as well as clear differentiation between

conversational responses and flow modifications.

R3 - Explainability | The Al Agent provides assumptions and recommen-
dations within the conversational interface, along-
side node-level detail inspection through hover pan-

els, offering insight into generated configurations.

R4 - Consistency Consistency is ensured through a fixed response
structure (assumptions, recommendations, ques-
tion) and a standardized visual representation of

nodes aligned with the existing Activate interface.

R5 - Privacy Privacy is partially addressed through the proto-
type’s lack of persistent storage and API-based in-
teraction, though explicit consent and data trans-

parency mechanisms are not implemented.

R6 - Goal alignment | Goal alignment is achieved through natural lan-
guage input, clarification questions, and the pref-
erence window, which ensure that user intent is

confirmed before journey generation.

R7 - Error preven-
tion

Error prevention is implemented through clarifica-
tion mechanisms, fallback messaging after failed
API calls, recommendation cards, and warnings in
the launch modal regarding potential impact on data
or campaigns.

Table 4: Requirements mapped to the implemented features

o Effectiveness - Whether the Al Agent enables users to cre-
ate journeys faster, more easily, and with better quality than
the current journey builder.

e Usability - Whether the interaction with the AI Agent is
intuitive, understandable, and easy to use.

e Trust - Whether users feel confident relying on the Al Agent
to generate and improve customer journeys.

Additionally, the results give qualitative insights on the potential
value and feasibility of implementing an AI Agent interface for
journey creation within the marketing technology domain.

Participants. Three participants were recruited for the internal
user testing through purposive sampling. Specifically, the partic-
ipants were employees of Spotler who regularly work with and
have extensive experience using the Activate journey builder and
were invited via a direct Microsoft Teams message. Additionally,
the participants were required to be familiar with creating and op-
timizing customer journeys manually, and understand the strategic
goals behind marketing automation journeys.

For P1 and P3, the user test was the first interaction with the
Al Agent journey builder. However, P2 had reviewed the AI Agent

journey builder in an earlier stage of the research and therefore
had prior exposure to the prototype (Table 5). All participants were
male.

Participant | Setting Screen size | Experience with the AI
Agent journey builder

P1 In person | 38 inch None

p2 Online 18 inch Yes, prior exposure

P3 In person | 38 inch None

Table 5: Overview of participants, the setting, their screen
size, and experience with the AI Agent journey builder prior
to user testing for the internal user tests

User test Design. Each user test was conducted individually and
followed a predefined protocol that allowed for additional questions
to be asked. Two of the user tests were performed in person on a
38 inch monitor in a private room with little distraction from the
task (P1 and P3), and one user test was conducted online on an 18
inch laptop (P2) (Table 5). Each user test took approximately 45
minutes during which the researcher was present to observe and
provide clarification when necessary. For the online user test, the
entire session was recorded and transcribed. For the user tests in
person, audio was recorded and observation notes were made by
the researcher. All participants had not seen the task descriptions
prior to the user test.

Following the predefined protocol, each participant was first
introduced to the purpose of the research, was informed about
what was expected of them, and what their participation meant for
the research. Then, they were informed about the anonymization
of their data, how their answers would be processed, that their
participation is voluntary, and about the possibility of withdrawing
at any time. If the participant gave informed consent, the user
test would start by informing the user they are interacting with a
prototype, implying that the AI Agent contains limitations and is
not fully functional, as journeys cannot be executed in practice.

Procedure. The user test consisted of two journey building tasks,
of which the first was predefined and the same for all participants,
and the second was self-chosen. The full description of each task
can be found in Appendix 10.4.1 and 10.4.2. After completion of
both tasks, each participant was asked a set of closed and open
questions.

The predefined task was introduced to ensure that all participants
evaluate the prototype in a comparable context. During this task,
the participants were asked to create a journey that would re-engage
customers who previously showed interest in a product, but did
not purchase it. Using the AI Agent journey builder, their goal was
to notify the customer that the product has now dropped in price,
encourage them to complete a purchase, and maximize conversion
(i.e., completed purchases) within a short time window after the
price drop.

The second, self-chosen task was introduced to evaluate the
prototype using a scenario that reflects the participant’s experience
when interacting with a journey builder in practice. For completion



of this task, participants were asked to create a journey that they
would realistically want to create in their daily work. Before starting
the task, each participant had to briefly explain the type of journey
they intended to create and the goal it should reach.

During the tasks, no restrictions were given about the type of
input that should be used. Each participant was asked to determine
individually whether they had successfully completed the task, be-
fore continuing to the following task. The researcher took on an
observational role and only answered questions regarding restric-
tions or limiting functionalities of the prototype. Each participant
was asked to think-aloud, allowing for real-time insight into how
each participant interpreted, experienced, and interacted with the
prototype.

After both tasks had been completed, the participants were asked
to indicate their experience level with the Spotler Activate journey
builder on a 5-point Likert scale ranging from ’No experience’ to
"Expert’ in a survey. The same survey also contained five closed
questions in which a comparison was made between the Spotler
Activate journey builder and the AI Agent journey builder, based
on the factors of effectiveness, usability, and trust. The full list
of questions asked in the Qualtrics powered survey can be found
in Appendix 10.5.1. Participants had to choose between *AI Agent
Jjourney builder’,’Current Activate journey builder’, or ’About the
same’, based on statements given about the interaction with each
of the versions of the journey builder. This comparison contributed
to gaining insight into the preferences and provided an indica-
tion of potential adoption of the Al Agent journey builder among
experienced users.

Besides the closed questions, the prototype was evaluated through
a series of 11 open questions (Appendix 10.5.2). All questions were
addressed across the user tests, but not necessarily in a fixed or-
der. In several cases, questions were already implicitly answered
through participants’ interactions with the prototype or during
statements made while thinking aloud. To avoid redundancy and
preserve the natural flow of the session, these questions were not
repeated. This approach ensured full coverage of questions while
allowing for more natural responses.

The observations notes made by the researcher, the answers to
the closed questions captured by Qualtrics, and the audio transcrip-
tion containing the answers to the open questions combined form
the dataset used to analyze user behavior, perceptions, and experi-
ences with the prototype. The analysis is this data is described in
Section 5.5.3.

5.5.2 External testing

The goal of the external user testing with inexperienced users was
to evaluate how the AT Agent journey builder prototype is perceived
by first-time users. Specifically, the aim was to analyze the following
factors of the Al Agent:

o Effectiveness - Whether the AT Agent enables users to cre-
ate a meaningful journey that aligns with their intended goal
in first use.

e Usability - Whether the interaction with the AI Agent is
intuitive, understandable, and easy to use for users without
domain knowledge.

o Trust - Whether first-time users feel confident relying on
the AI Agent to generate and improve customer journeys.

Additionally, the results provide qualitative insights into how
new users interpret and interact with an Al-driven interface for
journey creation, and to what extent such an interface is accessible
and understandable without prior experience in the marketing
technology domain.

Participants. Three participants were recruited for the external
user testing through convenience sampling, based on availability
within the personal network of the researcher. The participants
were aged between 23 and 26 years old and were all female. To
participate, individuals had to have no prior experience with mar-
keting technology, journey building, or Al Agent-based systems.
This ensured that the participants represented potential new users
of the AT Agent journey builder, allowing for the evaluation of its
effectiveness, usability, and trust without prior domain knowledge.

P1 is a student in the medical domain, P2 works in the sport
domain, and P3 is a student in the data science domain, reflecting a
diverse range of non-related backgrounds (Table 6.

User Test Design. Similar to the internal user test design, each
user test was conducted individually and followed a predefined
protocol that allowed for additional questions to be asked. All three
external user tests were performed in person on an 18 inch laptop
(Table 6). Each user test took approximately 30 minutes during
which the researcher was present to observe and provide clarifica-
tion about the task when necessary. During each test, audio was
recorded and observation notes were made by the researcher. All
participants had not seen the AI Agent journey builder nor the task
description prior to the user test.

Participant | Setting Screen size | Background

P1 In person | 18 inch Medical student

p2 In person | 18 inch Sports domain professional
P3 In person | 18 inch Data science student

Table 6: Overview of participants, the setting, their screen
size, and background for external user tests

Identical to the internal user test design and as described earlier,
participants were informed about the study conditions and provided
informed consent before the external user test would start. Next,
each participant was asked to read an introductory text about the
task that would follow, containing an explanation about what a
journey builder is, what it is used for and an example of a use case.

Procedure. The protocol for the internal user tests was adapted
for the external user tests by removing the self-chosen task. As
participants in the external group had no prior experience with
journey building, asking them to create a journey based on their
own imagination was considered both too time-consuming and too
difficult.

Therefore, the external user test consisted of one journey build-
ing task in which the participant was asked to welcome new sub-
scribers who have just signed up for their newsletter. The full task



description can be found in Appendix 10.4.3. Using the AI Agent
journey builder, their goal was to welcome new subscribes after
sign-up, encourage these subscribers to explore the website or prod-
ucts, and increase engagement during the first week after sign-up.
Giving each participant the same predefined task ensured that all
participants evaluate the prototype in a comparable context.

The task execution followed the same procedure as described
for the internal user testing earlier, including unrestricted input
types, the think-aloud method, and the observational role for the
researcher. Participants determined individually when they had
successfully completed the task.

After completion of the predefined task, each participant was
asked a set of closed and open questions, which can be found in
Appendix 10.5.3 and 10.5.4. First, the series of five closed questions
were asked to quantify perceptions in a comparable way across the
participants. Purposefully, to be able to compare and evaluate the
results of both user testing groups, these closed questions closely
resemble the comparative questions asked to the participants of
the internal user test. To answer each question, participants had
to choose between the options *Yes’, ’No’, or ’Somewhat’. These
answers allowed for identifying patterns in their experiences with
the AI Agent regarding effectiveness, usability, and trust.

Then, the prototype was evaluated through a series of eleven
open questions (Appendix 10.5.4). Similar to the internal user test-
ing questioning procedure, all questions were addressed without
necessarily following a fixed order. Questions were not repeated
when already implicitly answered, allowing for full coverage and a
more natural flow of the session.

Again, the observations notes made by the researcher and the
audio transcription containing the answers to the closed and open
questions combined form the dataset used to analyze user behavior,
perceptions, and experiences with the prototype. The analysis of
this data is described in Section 5.5.3.

5.5.3 Analysis Method

The collected data from the internal and external user tests were
analyzed using the same inductive thematic analysis approach as
described in Section 5.1.4. This involved using the overview of the
six-phase thematic analysis framework of Braun and Clarke [13]
and the checklist of Ahmed [1] based on that, to familiarize with
the data, code and structure it into themes and identify recurring
patterns. These themes were structured around the evaluation of
effectiveness, usability, and trust, and formed the basis for the
findings presented in the following section.

In contrast to the interview analysis method, this analysis also
includes observational data and think-aloud statements made by
the participants, allowing for the identification for both explicit
and implicit user responses.

6 RESULTS

This chapter first presents the findings of the internal user tests
in Section 6.1. Then Section 6.2 describes the external user test
findings. Finally, Section 6.3 compares and interprets these findings
to highlight similarities and differences.
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6.1 Internal User Test Findings

The thematic analysis of the internal user tests resulted in seven key
themes that describe how experienced users interact with the Al
Agent journey builder prototype, how they perceive its functionali-
ties, and how they experience the effectiveness and usability of, and
trust in it. An overview of the seven themes is presented in Table 7.
They are ordered to reflect the natural movement observed during
the user tests, from expectation to consequence to resolution.

Therefore, the first two themes describe the context of the in-
teraction experienced users have with the Al Agent, in which they
arrive with expectations shaped by existing interfaces and when
those expectations are not met, the perceived control is affected.
Then, the following two themes describe what it means in practice
and highlight the need of users to understand the AI Agent’s behav-
ior. The fifth theme describes the consequence of these findings and
shows the importance of human validation. Lastly, the two final
themes reflect the resolution and the perceived value the user has of
the AI Agent. Additionally, a comparison is made between the Ac-
tivate journey builder and the AI Agent journey builder prototype
in terms of effectiveness, usability, trust, and preference.

Theme 1 describes the expectations the participants had when
interacting with the AI Agent journey builder for the first time,
which were observed throughout both tasks of the internal user test.
All three participants seemed to enter the interaction with strong
mental models formed by the existing Activate journey builder and
other tools they were familiar with. During the user test of both P1
and P2, they repeatedly attempted to click the nodes to adjust their
settings manually, a functionality present in the Activate journey
builder. Similarly, P3 expressed they ’expected to be able to click the
nodes’. Additionally, P1 was observed trying to use shift and enter
to insert a new line in the prompt bar, a functionality present in
many familiar tools, resulting in submitting the prompt sooner than
desired. Upon this event, P1 was not frustrated, but rather reacted
with surprise and expressed not having expected the prompt to
be submitted by this action, indicating a mismatch between their
mental model and the AI Agent journey builder.

On the other hand, there were also many functionalities that
did align with user expectations. All participants expressed recog-
nizing the layout of the AI Agent journey builder as it looked like
other LLMs they had used previously. Additionally, the journey
flow generated by the AI Agent also sparked recognition and there-
fore understanding of the tool. Together, the events observed and
statements expressed by the participants support the first finding
that user expectations are shaped by the tools and interfaces users
are already familiar with.

Theme 2 connects to Theme 1 in the sense that the expectations
described in Theme 1 are also present in the interactions leading
to Theme 2, which is the need for control over what the AI Agent
generates through direct adjustment of elements in the interface.
The earlier mentioned inability to click and edit nodes was not
just a missing feature, but translated into a reduction of perceived
control. P1 stated that they had to ask for adjustment through the
conversational window and that they would have preferred to *do
that directly’ themselves. P2 expressed the need for control more
generally by stating ’I just want to control what’s in the node, so I
feel more in control if I do it myself’. Additionally, both P2 and P3



Number Theme Description
1 Expectations are shaped by existing interfaces Users expect the AT Agent to behave like tools they are already familiar with
2 Need for control over Al outputs and process, limited by | Users want to remain in control of what the AI generates and expect to directly interact with and

restricted direct interaction
control

adjust elements in the interface. Limited editability of the generated output reduces their perceived

3 Understanding the Al-generated flow requires initial inter-
pretation effort

Users need time or additional context to understand the generated flow, especially during first
interaction

4 Users seek clarity about AI Agent behavior and ongoing
processes during interaction

Users attend to and question what the AI Agent is doing during interaction, particularly when system
feedback or behavior is not immediately clear

5 AI Agent output is not inherently trusted and validation
remains necessary

Users do not blindly trust the AI Agent and feel the need to verify results

6 Al Agent as an accelerator and starting point, particularly
for complex tasks

Users see the AI Agent as a tool for quickly generating a first version of a journey and accelerating
the creation process, with perceived value being strongest for complex tasks

7 Preference for existing workflows in simple tasks

Users prefer the Activate journey builder for simple or familiar tasks

Table 7: Internal user test themes and their description

described a desired solution for this need, which is a hybrid model
where some manual editing like adjusting node settings becomes
possible, or as P2 describes: ’so that it becomes a kind of combination
of editing it yourself and AI’. Theme 2 is directly linked to usability
as the experienced restrictions in interactions causes the perceived
control and ease of use to reduce for users.

Theme 3 reveals that users currently need time to understand the
generated journey flow of the AT Agent, especially during the initial
interaction. All three participants spend approximately five min-
utes inspecting the first journey flow created by the AI Agent jour-
ney builder before consulting the conversational window, which
contained detailed explanations of the journey. During that initial
inspection time, P1 indicated that they *would have liked the infor-
mation above the nodes to be more insightful’, so the flow could be
understood more independently. However, while P2 spotted some
possible improvements for the journey flow after the initial inspec-
tion, both P1 and P3 indicated they agreed with almost all of the
nodes in the journey flow.

These findings show that experienced users prioritize the familiar
journey flow and tend to lean towards unsupported understanding
first. Then, only if unclear or curious, this user group turns to the
conversational window for additional information.

Following the need for understanding from Theme 3, Theme 4
describes users’ tendency to seek clarity about the AT Agent’s be-
havior and ongoing processes during interaction, especially when
feedback or behavior is not immediately clear. While the loading
indicator of the Al Agent was displayed on the screen, P2 described
uncertainty during journey generation: ’This is taking a bit long.
What is actually happening right now?’. Similarly, P3 found the load-
ing indicator insufficiently informative and only later discovered
the progress updates in the conversational panel displayed during
loading.

Furthermore, P2 was observed to be reluctant to click the zoom
reset button and described it to be ’a bit scary to click [...] as ’reset’
could also indicate resetting the entire flow’, indicating the clarity
users seek is missing due to the ambiguous label of the zoom reset
button. As with Theme 1, many elements of the interface were clear,
however these moments of uncertainty indicate a transparency gap
that directly affects usability and, as described in Theme 5, trust.
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Theme 5 describes the AI Agent output not inherently being
trusted and the need of experienced users to validate and verify the
generated results. This is the most direct expression of trust across
the internal user testing findings and stems from the observation
of all participants actively validating the journey flow. However,
this need for verification was seen as an expected and necessary
step in the workflow rather than a shortcoming requiring attention.
P2 explicitly expressed this by saying ’I always want to control it’,
referring to Al in general, indicating that this verification behavior
of the users originates in a general attitude towards Al rather than
as a response specific to this prototype.

Moreover, this vigilance toward Al is generally purposeful as
it prevents the risk of creating wrong or unspecified journeys by
not questioning the output of the AI Agent. The Al Agent should
continue to encourage the human-in-the-loop approach as currently
reflected through the conversational window to catch errors and
keep iteratively improving journeys. This is supported by P3, who
expressed that "especially if you’ve checked the journey yourself, trust
is about the same [as the Activate journey builder]’. The conditional
trust this theme reflects aligns with the expectations and restates
the importance of transparency and explainability in AT Agent
interfaces.

Theme 6 describes the added value that experienced users see in
the AI Agent journey builder has, which is as an accelerator and
starting point of the journey creation process. Additionally, it de-
scribes the perceived added value, which seems to be the strongest
for complex tasks. Despite the earlier mentioned caution and un-
certainty, all three participants also expressed the added value they
see in the AT Agent, which specifically comes forward in complex
journeys that would otherwise require considerable manual effort.
P2 indicated they see the Al Agent as 'a sparring partner that can
give you good ideas and greatly help with the creation process’. They
also noted that reaching a high-quality output ’just goes way faster’
using the AI Agent journey builder compared to manually config-
uring every node in the Activate journey builder, a statement P3
also aligned with. Similarly, P1 also recognized the efficiency gain,
but more cautiously: 'If the AI Agent does it right the first time, the
Al journey builder would be faster’. Across all participants, the per-
ceived effectiveness of the Al Agent is acknowledged but remains



conditional, as it depends on journey complexity, output accuracy,
and the user’s willingness to validate the generated journey.

Lastly, Theme 7 expresses the preference of experienced users
for existing workflows when executing simple tasks and follows
naturally from Theme 6. Where the AI Agent in Theme 6 was seen as
most valuable for complex journeys, it is found to be less favorable
for simple ones among the experienced users. P1 stated that ’for
simple journeys I would continue using the manual builder [Activate
Jjourney builder]. P3 expressed a similar view, adding that ’I think
the creation process would be faster to do it myself than inserting
a prompt’. Additionally, P2 cited errors in the generated output
during the user test as a further argument against using the Al
Agent for simple journeys.

However, this preference does not necessarily translate into a
total rejection of the AI Agent. Instead, it shows that experienced
users make an assessment of the costs and benefits of using the
Al Agent journey builder, where simple, repeated journeys can be
built more quickly from memory than through prompting with the
AI Agent. This finding suggests that experienced users are unlikely
to replace the manual journey creation process, but will selectively
engage with the AT Agent for the creation and optimization of more
complex and demanding journeys.

Summarized, the internal user testing findings show that the Al
Agent journey builder is received as a promising tool by experi-
enced users, especially for complex journey creation. However, its
perceived effectiveness, usability, and trustworthiness are currently
conditional. Effectiveness is recognized, but limited for simple jour-
ney creation. Usability is strong, but could be improved by address-
ing the gap between user expectations formed by existing interfaces
and the interaction the Al Agent supports. Trust is present but not
automatic, as it is earned through validation and depends on the
transparency and explainability of the AI Agent journey builder.
Addressing both of these requirements would strengthen the Al
Agent. Together, these findings suggest that adoption among expe-
rienced users depends on the quality of collaboration between the
user and Al Agent.

6.2 External User Test Findings

The thematic analysis of the external user tests resulted in six key
themes that describe how inexperienced users interact with the Al
Agent journey builder prototype, how they perceive its function-
alities, and how they experience the effectiveness and usability of,
and trust in it. An overview of the six themes is presented in Table
8. Similar to the internal findings, the themes are ordered to reflect
the natural progression of interaction, from initial understanding
to perceived value.

Theme 1 describes how the recognition of familiar Al interac-
tion elements lowers the entry barrier for first-time use among
inexperienced users. This familiarity was observed across all three
participants and expressed itself most prominently through the
recognition of prompt-based interaction. P3 explicitly stated: 'I im-
mediately recognized the Al style. I felt like I was using ChatGPT [38],
so I definitely knew what to do with it [AI Agent journey builder]’. This
recognition enabled users to start interacting with the AT Agent
journey builder without needing prior knowledge of marketing or
marketing technology tools.
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P2 initially expressed uncertainty about the purpose of the Al
Agent, but quickly came to understand it after entering a prompt,
stating that ’at first I did not know what I was expected to do. But
after some exploring, I got it’. This suggests that the prompt-based
input and conversational interface play an important role in the
onboarding, the process of introducing new users to a product,
of new users, allowing them to engage with an unknown tool
through familiar interaction patterns, and contributing to high
initial usability.

Theme 2 reveals that users were generally able to understand
the generated journeys. However, this understanding was depen-
dent on the explanations provided by the AI Agent through the
conversational window. P1 and P2 heavily relied on these explana-
tion to interpret the generated journey flow’s logic. P2 expressed
this explicitly by stating that ’the chat was very helpful. It made me
understand what certain elements were and why they were placed
there’. For this user group, the conversational window therefore
played a central role in making the generated output accessible and
improved understanding.

However, the Al Agent still used domain-specific terminology
and predefined logic of the journey flow also imposed questions.
For instance, P1 indicated difficulty understanding why an email
node had two branches, and P2 asked the researcher the question
what ’increasing engagement’ meant when it appeared in the task
description. This supports the finding that inexperienced users
can follow the overall journey flow structure but struggle to fully
understand all of its elements due to limited domain knowledge,
which in turn limits their usability.

Connected to Theme 2, but contrasting with Theme 5 of the
internal user testing findings, Theme 3 describes that the AI Agent
journey builder not only supports inexperienced users in their un-
derstanding of the journey flow, but also serves as a guide that users
actively rely on for validation and direction. Unlike experienced
users, who critically inspect the generated output, inexperienced
users often turned to the AI Agent when uncertain. P1 described
this interaction as ’sparring with the Agent’ and expressed that
when uncertain ’I would just ask the Agent in the chat’.

Additionally, users showed a tendency to follow Al suggestions
rather than question them. P2 regained trust in the AI Agent after
following its recommendation to use a template, having initially
doubted the generated output. This pattern of reliance indicates that
the AT Agent functions not only as a tool but also as a guide. While
this supports usability and adoption for novice users, it also intro-
duces potential risks if users accept suggestions without critical
evaluation.

Theme 4 highlights that despite the limited direct interaction
available with the generated journey flow, inexperienced users
generally felt in control of the journey creation process. When
asked, all three participants confirmed feeling fully in control, with
P2 stating: *Yes, 100%, I felt in control at all times’.

However, the limitations in direct interaction did occasionally
spark frustration. All participants noticed dragging the flow within
the canvas was not possible, and P3 even expressed the expecta-
tion that nodes would be directly editable. The findings therefore
suggest that while the perceived control is high for initial adoption,
enhancing the direct interaction could further improve usability.



Number Theme

Description

1 Recognition of familiar Al interaction elements lowers en-
try barriers

Users recognize conversational Al elements such as a prompt bar, enabling them to start interacting
with the AT Agent without prior domain knowledge

2 Understanding is supported by AI Agent explanations, but
limited by domain knowledge

Users rely on the explanations generated by the AI Agent to understand the journey flow, but lack of
marketing knowledge limits full understanding

3 Users rely on the Al Agent for guidance and validation Users depend on the Al Agent to guide their actions, suggest optimizations, and validate their journey
flow
4 Perceived control is high despite limited direct interaction | Users feel in control through prompt-based interaction, even though direct manipulation of journey
elements is limited
5 Users trust AI Agent output but are uncertain about their | Users trust the AI Agent’s output, but doubt whether their own input or understanding is correct,
own input affecting their overall trust
6 Al Agent is perceived as intuitive and effective for first-time | Users experience the Al Agent as an intuitive and effective tool that enables them to create journeys

use

without prior experience, despite minor usability issues

Table 8: External user test themes and their description

Theme 5 describes that trust in the Al Agent is high among
inexperienced users, but is shaped more by confidence in their own
input than by doubt in the AI Agent’s performance. P3 expressed
full trust in the AI Agent to generate a valid journey flow as: "I would
trust the AI completely, no doubt’. However, the conditionality of
this trust, emerged differently than in the internal findings. Where
experienced users doubted the AI's output, inexperienced users
doubted themselves. P1 indicated that their uncertainty stemmed
not from the AT’s output, but from their own lack of domain knowl-
edge: ’I do not entirely trust myself... I do not know if I described my
intents completely right’.

Lastly, Theme 6 highlights the overall perceived value of the AI
Agent journey builder for inexperienced users, expressed primarily
through its intuitiveness and effectiveness. All three participants
indicated that the AI Agent journey builder enabled them to create
a journey without any prior experience with marketing technology.
P3 summarized this most directly by stating: ’Cool that it is able to
build this! Way faster than drawing lines manually, I think’.

Users also appreciated the ability to translate incomplete ideas
into structured output through iterative interaction. Even when
initial outputs did not fully match expectations, participants were
able to refine the journey through follow-up prompts in the con-
versational window. As a result, the Al Agent was experienced as
an accessible and supportive tool that enables users to perform
tasks that would otherwise require significant domain knowledge,
indicating a high perceived value.

Summarized, the external user testing findings indicate that
inexperienced users are able to quickly engage with the AI Agent
journey builder due to the recognition of familiar Al interaction
elements. Additionally, it highlights that user understanding is
supported by Al Agent explanations, but lack of marketing specific
domain knowledge limits their full comprehension. Different from
experienced users, inexperienced users also rely on the AI Agent for
guidance, validation, and direction of their journey flow, often even
following suggestions without critical evaluation. The perceived
control of the AT Agent journey builder is high despite limited direct
interaction. Trust is also high, but is influenced more by user’s
uncertainty about their own input than by doubting the Agent’s
output. All in all, the AI Agent journey builder is perceived as an
intuitive and effective tool that enables users to create journeys
without domain knowledge, highlighting its potential to support
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adoption among inexperienced users. However, the risk of over-
reliance and limited understanding should not be overlooked.

6.3 Comparison of the Internal and External
User Testing Findings

Some of the findings of the internal and external user tests show
meaningful overlap, while others reveal clear differences between
the two user groups. Both the similarities and the differences reveal
important insights into how the AI Agent functions as primary
interface for journey creation, contributing to answering the re-
search question. This section highlights these insights and provides
recommendations for improvement of the AI Agent journey builder.

The first similarity that becomes evident from the findings, is
the overlap between internal Theme 1 and external Theme 1. While
experienced users show that their strong mental models can some-
times be frustrating when expectations are unmet, they also show
that when those expectations are met, the familiarity creates under-
standing and improves effectiveness. Inexperienced users demon-
strate that familiarity with conversational Al elements, especially
the prompt bar and chat-based interaction, enabled them to start
their interaction with the AI Agent journey builder without prior
domain knowledge, leading to high initial usability and effective-
ness. Essentially, both user groups show that familiarity with rec-
ognized interface elements creates expectations about the Al Agent
behavior and lowers the barrier to initial engagement, therefore
increasing understanding and decreasing onboarding time. These
factors positively affect usability and effectiveness, suggesting that
alignment with familiar interface elements is a useful method of
adoption across both user groups. These findings therefore suggest
that the prompt bar and conversational window are fitting elements
for the AI Agent journey builder interface that should be retained.

Additionally, internal Theme 2 and external Theme 4 show simi-
larities as both themes display that limited direct interactions with
interface elements reduce perceived control across both user groups.
This effect was most prominent as a usability shortcoming as the
inability to drag the journey flow to position it within the canvas
and the inability to directly edit the nodes by clicking on them.
However, where experienced users framed this as a loss of control,
inexperienced users described it more as a usability inconvenience,
meaning that their perceived control remained high despite the



friction introduced by these limitations. Still, the shared expecta-
tion of direct editability of interaction elements across both user
groups points to a clear usability issue. Therefore, to overcome
this issue and the loss of control the limits bring along in mainly
the experienced user group, the most fitting solution is the intro-
duction of a more hybrid AI Agent. This entails that users are
provided with greater direct editability of interface elements along-
side Al-generated output, such as direct adjustment of the nodes or
dragging functionalities inside the canvas. This solution addresses
the loss of control users experience while also reducing usability
friction, leading to increased usability and trust in the AT Agent
journey builder.

The user groups are most opposed to each other in internal
Theme 5 and external Theme 5. There, the difference in trust and
the role of validation becomes most visible. Experienced users ap-
proach the use of the AI Agent with caution and treat validation
of the Al-generated output as a necessary and expected step be-
fore launching a journey. In contrast, inexperienced users generally
trust the AI Agent’s output blindly and do not feel the need to
critically evaluate its output. However, their trust is conditional
as they revealed that if uncertain about the Al-generated output,
they most often doubted their own input and knowledge. This
shows that experienced users question what the AI Agent produces,
while inexperienced users question what they themselves provide,
both imposing risk. For experienced users, the risk of adoption
resistance arises if the validation process feels too complicated
or if insufficient tools are available. For inexperienced users, the
risk of over-reliance lingers, where journeys are accepted without
sufficient understanding or correctness validation.

To mitigate both of these risks, the AT Agent should more ac-
tively encourage users to validate the Al-generated output through
the conversational window, for example by explicitly asking users
to review decisions made during the journey creation process or
by flagging elements that require attention before launching. Addi-
tionally, the validation process itself should be made easier through
the introduction of clickable nodes that make settings immediately
visible upon interaction, as well as clear summaries of changes
and their implications the conversational window. Together, these
improvements would support experienced users in their need for
validation, and nudge inexperienced users toward critical evalua-
tion of the output the AI Agent generates, increasing effectiveness
and trust.

Also directly linked to the limited domain knowledge of inexpe-
rienced users is the difference in how the two user groups engage
with the AI Agent, as described by internal Theme 5 and external
Theme 3. Inexperienced users use the AI Agent as a guide, following
its suggestions, and relying on its explanations in the conversational
window to understand the journey flows fully. On the other hand,
experienced users engage with the Al Agent journey builder more
as a sparring partner and use the conversational window primarily
for self-initiated refinements rather than understanding. This differ-
ence in engagement is directly linked to the domain knowledge of
each group, as experienced users can evaluate generated journeys
individually, while inexperienced users depend on the AI Agent’s
explanation, making the quality and clarity of those explanations
more consequential for them.
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This dependence of inexperienced users on the Al Agent also
comes forward in external Theme 2, further emphasizing the im-
portance of aligning the conversational output of the Al Agent
with the knowledge level of the user, as the use of domain-specific
terminology without explanation limits their full understanding. A
possible approach to achieve this alignment is the introduction of
a self-learning ability, in which the AI Agent analyzes the knowl-
edge level of the user based on its inputs, and adapts its level of
explanation and terminology use accordingly. This optimizing of
the responses in the conversational window would serve both user
groups and would strengthen the Al Agent journey builder’s usabil-
ity. Additionally, to aid experienced users in forming a complete
understanding of the generated journey faster, the nodes of the
journey flow should be enriched in order to provide more context,
reducing the interpretation effort described in internal Theme 3,
and increasing usability and effectiveness.

Finally, a difference can be observed between the two user groups
in terms of perceived added value. While both groups see the Al
Agent journey builder as an accelerator, as described in internal
Theme 6 and external Theme 6, they evaluate it from different ref-
erence points. Experienced users compare the Al Agent directly to
the existing Activate journey builder and through this find most
value in building complex journeys which would otherwise require
significant manual effort. This preference is also further strength-
ened by internal Theme 7. In contrast, inexperienced user had no
such reference point and instead evaluated the Al Agent journey
builder against their own expectations of what building a journey
would require without any assistance. This resulted in a high per-
ceived value among inexperienced users, while for experienced
users, the perceived value remained conditional due to their selec-
tive engagement based on task complexity and output accuracy.
These findings suggest that the AI Agent journey builder is likely
to be adopted more unconditionally by new users. On the other
hand, the experienced users will likely alternate between manual
journey building for simple and repeated journeys and using the
Al Agent journey builder for complex or novel journeys.

Summarized, the comparison of the internal and external user
testing findings shows that the AI Agent journey builder is received
positively across both experienced and inexperienced user groups.
However, the conditions under which it is perceived as most effec-
tive, usable, and trustworthy differ. For both groups, the familiarity
of the prompt-based interaction led to high initial usability and fast
onboarding for new users. Both groups also expressed the expec-
tation of more direct editing possibilities in the generated journey
flow. However, experienced users engage with the AI Agent more
selectively based on task complexity and see journey validation as
a necessary step. Inexperienced users rely more on the AI Agent
for guidance, explanation, and validation. This difference in en-
gagement stems from their opposing directions of trust. While
experienced users doubt the AI Agent’s output, the inexperienced
users question their own input. Together, these findings suggest
that the AT Agent has meaningful potential for both user groups,
but could be improved by implementing targeted improvements.
Specifically, the introduction of a more hybrid approach, more
alignment between the user’s knowledge and the conversational
output, and enriched nodes in the journey flow would address the
most prominent shortcomings identified during the user testing.



The implementation of these improvements would strengthen the
effectiveness, usability, and trust of the AI Agent journey builder.

7 DISCUSSION

Building upon the interpretation and comparison of the internal
and external user test findings presented in Section 6.3, this chapter
places the findings into a broader context. The findings are first
connected to the related works and literature in Section 7.1. Then,
Section 7.2 highlights the implications for the design of AI Agent
interfaces, after which Section 7.3 reflects upon the relevance of
the findings for the marketing technology domain.

7.1 Comparison with literature

The internal and external user testing findings mostly confirm
what the literature and related works discussed in Chapter 1 and
3 already described. Firstly, the finding of Bansal et al. [6] that
inconsistent Al behavior can cause users to form inaccurate mental
models of a system is reflected in the transparency gaps described
by both user groups. Especially when node labels were unclear,
explanations of adjustments were deemed to complex, or loading
indicators were ambiguous, the users expressed uncertainty due to
a lack of transparency.

Similarly, the finding that experienced users actively want to
verify and validate the generated output aligns with Dietvorst, Sim-
mons, and Massey’s research [19], which states that allowing users
to intervene and correct Al output improves user acceptance and in-
creases sustained use. The validating, human-in-the-loop behavior
observed among experienced users did not indicate a reduction of
trust in the AT Agent, but rather reflected an expected dynamic that
the prototype partly supported through its conversational window.

Also in line with literature is the divided sentiment and condi-
tional adoption observed in the experienced user group. This res-
onates with Amershi, et al’s guidelines [2], where the importance
of setting clear user expectations was described, as unpredictability
leads to abandonment. When during the user test it became evident
that certain user expectations formed by familiar tools were unmet,
usability friction arose among both user groups. This finding is
consistent with Luger and Sellen’s research [31], which states that
user expectations and capabilities of conversational Al often do not
align.

A finding that differs from the literature concerns the inexpe-
rienced users. While Bansal [7] suggests that non-experts often
struggle with effective prompt engineering and abandon Al sys-
tems after one failed attempt, the external user group presented
the opposite. They showed high engagement and fault tolerance,
which in all likeliness was caused by the ability of the conversa-
tional window to provide enough input and recommendations to
compensate weak prompts. This shows that the intentional design
of the AI Agent interface lowers the threshold that prior research
connects to prompt engineering skills.

Next, the related work of Mei et al. on GeneyMAP [32][33] pre-
dicted that excessive automation within the Al Agent would reduce
transparency, control, and trust of users. This is confirmed by the
internal user test findings, where users expressed the desire for
more editability and felt reduced control when finding out the Al
Agent could only be operated through the conversational window.
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However, a novel finding emerges in the difference between the
user groups. While experienced users saw this inability to edit as a
loss of control, inexperienced users did not, and instead expressed
high perceived control overall. This difference in how autonomy
is perceived across experience levels is not represented in the re-
viewed literature and therefore presents a meaningful addition to
understanding Al Agent adoption.

The finding by Pathak and Bansal [40] that states that cognitive
trust is driven by perceived Al Agent quality and affective trust
is driven by perceived usefulness, is partially supported by the
findings of this research. The conditional trust of the experienced
users reflects the cognitive trust well, as this group feels the need
to validate the quality of the generated output critically before
accepting it. However, inexperienced users showed a form of trust
that was not cognitive but affective, but also not based on perceived
usefulness. Instead their trust was shaped by doubts concerning
their own input. This is a dimension of trust not represented in the
research of Pathak and Bansal and therefore highlights a gap in the
literature about the trust inexperienced users have in Al Agents.

Lastly, the finding that the Al Agent is seen as most valuable
for complex tasks by experienced users and is perceived as overall
valuable for inexperienced users, can be seen as a contribution to
literature. All reviewed research did not evaluate how the perceived
value varies across user groups, as most of them focused on ex-
pert users or co-designing participants with interest in the study.
Therefore, this research shows that user experience is a meaningful
variable to take into account when determining the perceived value
of Al Agents.

7.2 Implications for AI Agent UI Design

The interpretation of the findings showed multiple implications for
the domain of AT Agent user interface design. However, the limita-
tions further described in Chapter 8 lead to cautious generalization.

The strongest finding in both user groups is the role of famil-
iarity and recognition of interaction elements as an onboarding
strategy. Both experienced and inexperienced users recognized fa-
miliar interaction patterns, which allowed them to interact with the
Al Agent faster and supported initial understanding of the AT Agent.
This finding suggests that Al Agent interface designers should in-
tentionally use established interaction patterns into new interface,
as it reduces the user’s cognitive load at initial use.

A second implication concerns the earlier described relation be-
tween direct editability of interface elements and perceived control.
This finding leads to a new design principle for AT Agent interfaces
that is generalizable for Al-driven systems. This design principle
entails that automation and direct editability are not mutually ex-
clusive. Interfaces that combine both generated output and user
input will likely have higher trust and usability than those replacing
direct editability entirely. Therefore, the introduction of a hybrid
model where Al generation and user refinement go hand in hand,
appears to address the needs of both inexperienced and experienced
users.

Additionally, the third implication relates to the findings about
the importance of aligning the conversational output of the Al
Agent with the knowledge level of the user. These findings namely



suggest that a single explanation format is insufficient and is un-
likely to work for all user groups. Therefore, adaptive explanation
is an approach worth exploring in future research on AI Agent
interface design. Because this research does not provide evidence
for the effectiveness of this adaptive response style, further research
would be needed.

Finally, the finding that inexperienced users blindly trusted the
AI Agent introduces a responsibility consideration for the design
of future AI Agent interfaces. As these interfaces are accessible to
users of all expertise levels, the design itself should not rely on the
criticalness of the user, but rather provide the user with safeguards
against errors. Examples of such safeguards are explicit prompts in
the conversational window that encourage output validation, flag-
ging uncertain or high-impact adjustments, and visible summaries
of assumptions the AI Agent made during generation.

7.3 Implications for marketing technology
domain

Within the marketing technology domain, the generalization of the
findings also are limited by the limitations described in Chapter
8. However, the findings overall suggest that an Al Agent is a
useful and viable complementary interface for journey creation.
This section describes the conditions under which the AI Agent
interface is most effective, as these differ across user groups.

For experienced user, the AT Agent is unlikely to replace the man-
ual journey builder entirely, as the findings highlight their selective
adoption approach. The implication this has for Spotler Activate
and similar marketing technology tools is that the introduction
of an Al Agent as an complementary interface rather than a re-
placement likely causes less resistance and higher adoption for this
user group. This implication also aligns with interview Theme 5,
which describes that adoption depends on integration into existing
workflows.

On the other hand, for inexperienced users, the introduction
of the AI Agent lowered the barrier for users without prior mar-
keting technology knowledge to create journeys. This finding has
implication for marketing technology products because these tools
often require substantial domain-knowledge for effective use. The
lowered barrier through the AT Agent would allow for user base ex-
pansion. However, the over-reliance observed in this inexperienced
group can lead to great consequences in the domain of marketing
technology, as brand damage, irreversible communication to large
audiences, and compliance issues are likely to occur when poorly
validated journeys are sent out. Therefore, the validation elements
of the AI Agent should be improved.

8 LIMITATIONS

This chapter describes the limitations and the threats to the va-
lidity of this research. Additionally, it describes how these risks
were mitigated, or should be addressed in future work. Section 8.1
first describes the limitations concerning the participant groups
and method of sampling, then Section 8.2 elaborates on the limita-
tions regarding the prototype, and Section 8.3 further describes the
threats to validity that arose from the study design. Section 8.4 then
addresses the generalizability of the findings, after which Section
8.5 then describes the construct validity of the research.
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8.1 Sampling

Several limitations arise when critically reviewing the participant
groups and the method of sampling. Each of these will be discussed
in the following section.

Firstly, the sample size of six total participants, with three partic-
ipants per user group, is limited. As a result, the findings cannot be
considered statistically significant, which limits the generalizability
of the results. However, the limited sample size does align with
the qualitative nature of the research, in which the goal was to
obtain in-depth insights from each participant. The thematic anal-
ysis of the three user tests per group revealed recurring patterns
from which themes could be defined. This suggests that a level of
thematic saturation, defined as ’the point where no additional data
can be found to develop new themes upon’ [22], was reached, after
which it is unlikely that additional participants would have intro-
duced new insights. Therefore, the findings should be interpreted
as indicative rather than statistically representative.

Additionally, the composition of the participant groups and their
recruitment method could have introduced potential biases. The
internal user group consisted of exclusively male participants who
were all employed at Spotler, which may have introduced social
desirability bias, the tendency of individuals to respond in ways
to conform to perceived expectations or social norms. This risk is
relevant here, as participants could have felt inclined to respond
positively toward a new product implementation due to their affili-
ation with the organization. The external user group consisted of
exclusively female participants aged between 23 and 26 years old,
further limiting the representativeness of the participant groups.
This group was recruited through convenience sampling, which
introduces the risk of selection bias, where the selected group does
not accurately represent the broader target population.

While this research does capture the two ends of the user experi-
ence spectrum, inexperienced to experienced, the user group most
likely to interact with the Al Agent in practice remains unrepre-
sented in this research. This majority of Spotler Activate’s actual
user base has moderate familiarity with journey building, and the
findings may therefore not be directly mappable to their experience
with the AT Agent interface.

Another threat to validity is the indirect exposure of P3 of the
external user test to a journey builder on the day of the user test.
While this does not imply that P3 had prior experience with journey
building, it does partially compromise the non-expert criterion of
the inexperienced user group. Although the effect is likely minimal,
this exposure could have introduces bias, as their prior encounter
with a journey builder gave them an implicit reference point that
the other inexperienced participants did not have.

Similarly, P2 of the internal user test had been exposed to the
prototype prior to the test, which may have influenced their inter-
action and responses. This was acknowledged before the start of
the user test.



8.2 Prototype

Besides the limitations present in the participant groups and sam-
pling method, several limitations regarding the prototype itself can
be identified and are discussed in this section.

Firstly, the prototype was developed in complete separation from
the Spotler Activate product, meaning that journeys could not be
executed and no data could be integrated or mocked. As participants
were also informed that execution was not possible, this may have
reduced the caution with which they approached the prototype and
may have amplified their trust in the generated output.

Unfortunately, during P2’s external user test, the prototype expe-
rienced instability, as the session unexpectedly reset. This disrupted
the session and caused the researcher to intervene, which may have
influenced the responses and the perceived trust in the AI Agent
of P2. Although the exact cause remains uncertain, the source of
the instability could be the development method of vibe coding.
This method often lacks strict system rules, which can cause edge
cases or conditions to go unaccounted for. Additionally, the inher-
ent variability of Al behavior may have further contributed to this
instability.

Furthermore, due to the absence of real user data during the user
tests, privacy requirements P1, P2, and P3 could not be meaningfully
tested, leaving the most part of this requirement group unevaluated.
This is a limitation of the prototyping stage of the research and
would need to be addressed in a production implementation.

8.3 Study Design

The study design also introduces several limitations and threats to
validity, which are discussed in this section.

During the user testing, the external users completed one task,
while internal users completed two. This asymmetry was inten-
tional as asking inexperienced users to create a self-chosen journey
was considered too demanding without prior knowledge. However,
it does limit the comparability of the findings across groups and
may have reduced the depth of the external findings, as a second
task could have revealed additional patterns and themes. Similarly,
not all participants performed the user test on the same screen
size, introducing another source of inconsistency. Though the in-
terface is responsive, the difference in alignment and lay-out of the
interface elements may have influenced the perceived usability of
participants.

Next, while valuable for gaining insight into reasoning and in-
teraction behavior in real-time, the think-aloud method could have
caused the participants to behave differently knowing they were
being observed and recorded. This effect was mitigated by explicitly
stating before each user test that not the participant but the proto-
type is tested. However, observation bias cannot be fully excluded.

A further limitation of the study design is that each participant
interacted with the Al Agent journey builder in a single session
only, meaning that the findings reflect their first-use behavior. How-
ever, their perceived usability, trust and effectiveness might evolve
through repeated interaction, which is not covered by the research.
This becomes particularly interesting when considering the finding
that inexperienced users showed patterns that may reduce when
familiarity grows. Therefore, future research would benefit from
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evaluating the AI Agent journey builder across multiple sessions,
allowing for trust development.

Lastly, the response rate for the exploratory survey was ex-
tremely low (6 out of 204), which prevented the ability to get a
reliable baseline of the user experience with the current manual
builder. Therefore, this exploratory survey results were only used to
ground the previously established findings rather than to introduce
novel findings.

8.4 Generalization

For the findings of this research to be transferable to the broader
marketing technology domain and to organizations similar to Spotler,
it is important to discuss the conditions under which the research
was conducted. Additionally, this section describes the extent to
which these conditions limit generatlization.

The research was conducted within a single organization, Spotler,
using a single product, Activate, focused on a single use case, jour-
ney creation. This limits the external validity of the findings, as
they are grounded in a specific organizational context and under
specific conditions.While the findings provide insight into the use
of Al Agents as a primary interface for journey creation, they may
not directly transfer to other Al Agent tools or organizations within
the marketing technology domain.

8.5 Construct Validity

The final threat to the validity of this research concerns construct
validity, which relates to the alignment between the concepts you
want to measure and the method used to measure them.

The concepts of effectiveness, usability, and trust are most of-
ten measured through validated questionnaires such as the System
Usability Scale or trust scales. However, this research does not use
these validated frameworks, but instead uses the qualitative meth-
ods of think-aloud, observation, and semi-structured interviewing
to research these concepts. This limits the precision with which
these concepts are researched and may limit the comparability of
the findings to other research in this domain.

Additionally, each participant was asked to determine individ-
ually whether they had successfully completed the task, meaning
no objective criterion was defined for task completion. This intro-
duces subjectivity into the effectiveness evaluation and limits the
internal comparability of the results across participants. However,
this design choice was intentional, as the task of journey creation
in real-life also requires the user to determine themselves whether
a journey is complete or not. The user test design therefore reflects
reality best through this approach.

9 CONCLUSION

This research investigated the following research question:

ROQ: To what extent can an Al Agent function as an effective pri-
mary interface for journey creation in the marketing technology do-
main in terms of adoption, usability, and trust?

The findings of this case study show that introducing an Al
Agent as a primary interface for journey creation is effective but
conditionally, as user experience level, task complexity, and the
quality of Al Agent explanations and recommendations influence



this effectiveness. Both experienced and inexperienced users per-
ceive the AI Agent interface as a valuable, however, in varying
degrees.

For experienced users, the Al Agent is perceived most effective
as an accelerator and aid in creating complex journeys, while simple
and familiar journeys remain to be preferably created manually by
this group. This leads to the finding that a hybrid approach con-
taining automated journey creation with manual elements is found
to be the most fitting. The findings also suggest that the introduc-
tion of an AI Agent as an complementary interface rather than a
replacement causes less resistance and higher adoption among ex-
perienced users. Usability was strong for the AI Agent, which was
mostly caused by the recognition of familiar interaction patterns
among experienced users. However, the absence of direct editability
of generated journey elements reduced the usability slightly. Trust
was present, but not inherent, as experienced users feel the need
to validate and verify generated results before accepting them. Im-
portantly, this validation behavior did not reflect distrust in the Al
Agent, but rather a general critical view towards Al-based systems,
leading this research to classify it as healthy human-in-the-loop
behavior.

For inexperienced users, the Al Agent proved to be an accessible
and intuitive tool that allowed users without domain knowledge to
create customer journeys. Similar to experienced users, usability
was high from first interaction, mostly because of the recognition
of familiar interaction patterns. Trust was also high among inexpe-
rienced users and when uncertainty did appear, it did not originate
from the AI Agent’s output but from doubt about their own input.
This introduces the risk for over-reliance, which is a risk that re-
quires attention in future improvements of the Al Agent, as it is
currently not mitigated sufficiently.

Together, these findings contribute three novel insights to exist-
ing literature. First, the perception of control differs across expe-
rience levels. While limited editability translated into a perceived
loss of control among experienced users, inexperienced users noted
the same limitations but maintained a high sense of control re-
gardless. Secondly, the trust inexperienced users have in the Al
Agent is not driven by its perceived quality or usefulness as cur-
rent research suggests, but by uncertainty and doubt in their own
input and knowledge. Lastly, user experience level is found to be
an influential variable in the degree of perceived value of Al Agent
interfaces, with experienced users valuing the Al Agent selectively,
and inexperienced users valuing it generally.
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10 APPENDICES
10.1 Appendix 1 - Exploratory survey

This appendix presents the set-up of the survey mentioned in Sec-
tion 2, which was set out to explore the sentiment of current users
towards the Spotler Activate journey builder. The survey was shown
to 204 users that visited the journey creation page within the plat-
form over a period of 45 days, targeting only active users.

The survey consisted of a consent form agreement and six ques-
tions:

Q1: Overall, how easy or difficult was it to create a journey?,

Q2: To what extent did the journey you created achieve your

intended goal?

e Q3: To what extent do you trust that the system will execute
your created journeys as intended?

e Q4: To what extent did you feel in control during the journey
creation process?

o Q5:It was clear to me how each node contributes to the goal

of this journey

Q6: What would improve your confidence in using this sys-

tem?

The participants were asked to answer each question on a 7-
point Likert scale ranging from ’very difficult’ to *very easy’ for Q1,
"not at all’ to ’completely’ for Q2, Q3, and Q4, and ’strongly disagree’
to ’strongly agree’ for Q5. Q6 was an open ended question which
resulted in only two responses, one of those responses regards a
very specific issue that occurred during the participant’s journey
creation and the second response requested *More flexibility in
nodes’.

10.2 Appendix 2 - Interviews

Interview (Person) | Questions asked

1(P1 &P2) 1,2,3,4,5,6,7 10, 23, 24

2 (P3) 1,2,3,4,4a,4b, 4c, 5,6, 7,9, 11, 13, 14, 17,
18, 23, 24

3 (P4) 1,2,3,4,5,6,7,9, 10, 10b, 13, 14, 14a, 23,
24

4 (P5) 1,2,3,4,5,6,7,8,9,10, 10a 12, 13, 14, 15,
15a, 16, 23, 24

5 (P6 & P7) 1,2,3,4,5,6,7, 10, 11, 14, 14a, 19, 19a,
19b, 20, 20a, 21, 22, 22a, 22b, 23, 24

Table 9: Overview asked questions interviews
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Question | Question Justification
1 How would you describe your role at Spotler? To understand the exact role the interviewee holds at Spotler and which concepts
they specialize in.
2 Who are the users of the Spotler products? To understand who the users of Spotler’s products are through input from
different perspectives and departments.
3 What role does Al play in your day-to-day work activities? To understand if and how Al impacts their day-to-day activities.
4 What Al functionalities does Spotler have in place currently? To collect all the AI functionalities present at Spotler.
4a Do you have a list listing all AI functionalities at Spotler? To see if a list of Al functionalities already has been made.
4b Which Spotler products contain these functionalities? To see if the Al functionalities are present in more than one product and if so,
in which.
4c Is Al used more often in some products than others? To understand differences in Al usage across products.
5 What research has been done concerning Al at Spotler? To understand existing research and insights into Al use and sentiment.
6 What role do you see Al playing at Spotler in the coming years? To understand the interviewee’s perspective on the future of Al at Spotler.
7 What kind of tasks do you see AI Agents taking over from users? To identify tasks that could be substituted by AI Agents.
8 What were the main goals of implementing AI functionalities at Spotler? | To understand the reasoning behind implementing AL
9 Where would you ideally like to see Spotler’s Al implementation go in the | To understand the ideal vision of Al implementation of employees.
coming years?
10 How would you describe the sentiment towards the use of Al among Spotler | To gain insight into employee sentiment toward AL
employees?
10a Have you observed shifts in user sentiment as Al competence and compre- | To explore changes in sentiment as users become more experienced.
hension increased?
10b How does sentiment differ across departments? To determine whether sentiment differs per department.
11 Which factors influence whether users accept and trust AI? To understand trust and acceptance factors.
12 How do you assess the effectiveness of implemented AI? To understand evaluation methods for Al effectiveness.
13 What functionalities or safeguards are needed for user to trust and Al | To collect insights into designing trust in Al interfaces.
Agent?
14 What challenges have you noticed since implementing AI? To identify previous occurred pitfalls and challenges.
14a What challenges do you foresee regarding privacy, trust, transparency while | To explore privacy, trust, and transparency challenges in more depth.
working with AI?
15 What benefits have you noticed since implementing AI? To identify previous success factors and benefits.
15a Can Al Agents build on these benefits? To explore extension of these benefits through AI Agents.
16 What barriers do you foresee that could limit AI Agent implementation? | To explore the limitations of the implementation of AI Agent interfaces.
17 Scientifically proven it is important to give users a sense of control. How | To gather input on how to realize user control.
do you think such a feeling of control can be realized in AI Agents?
18 What are your thoughts on gradually adding AI functionality over time | To understand current implementation strategies and expertise on the subject.
compared to redesigning the entire interface around Al at once?
19 What does your product design process typically look like? To gain insight into the current design process.
19a Which steps do you take during the design process? To help describe the specific design steps for a new feature.
19b How do you validate these steps work? To understand validation methods for the used methods.
20 Do you use frameworks when designing? To assess whether the design team uses frameworks for continuity.
20a Do these frameworks differ per project? To understand the variation in framework use.
21 What ways of gathering feedback do you use currently? To identify feedback collection methods and explore user testing methods.
22 Are there Al functionalities users find confusing or helpful? To identify user pain points in Al features.
22a Why are some Al features received poorly? Asked as in-depth question based on answers given to Q22.
22b Have you researched these issues? To assess depth of investigation of the pain points.
23 Can I contact you again for follow-up questions? To obtain permission for follow-up questions.
24 Is there anything we haven’t discussed that I should consider when re- | To let the interviewee express missed topics.

searching Al Agents and their implementation?

Table 10: Interview Questions and Justifications
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10.3 Appendix 3 - Prototyping
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Figure 10: Detailed overview of the prototype architecture and data flow between user, front-end, back-end, and AT model
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10.4 Appendix 4 - User testing task description
10.4.1

You want to re-engage customers who previously showed interest
in a product, but did not purchase it. A product they viewed or
added to their cart has now dropped in price.

Predefined task (internal user test)

The goal of this journey is to:

o Notify customers about the price drop
e Encourage them to return and complete a purchase
e Maximize conversion within a short time window after the

price drop

Using the Al Journey Builder prototype, create a journey that
achieves this goal. While interacting with the system, you may:

o Describe your goal in natural language

Review the generated journey

Explore the suggestions and improvement tips provided by
the Al agent

Modify or refine the generated journey

Please think aloud while working, explaining what you expect
to happen, what you find confusing, and what you like or dislike
about the system.

10.4.2 Self chosen task (internal user test)

Please think of a journey that you would realistically want to create
in Activate during your daily work.

This could for example include:

o A lead nurturing journey

e A reactivation journey

e A promotional or campaign-based journey
o A customer lifecycle journey

Using the Al Journey Builder prototype, try to generate a version
of this journey you could launch. While interacting with the system,
you may:

e Describe your goal in natural language

e Review the generated journey

o Explore the suggestions and improvement tips provided by
the Al agent

e Modify or refine the generated journey

Before starting, briefly explain what type of journey you want
to create and what the main goal of this journey is. As with the
first task, please think aloud while working.

10.4.3 Predefined task (external user test)

Imagine that a company wants to welcome new subscribers who
have just signed up for their newsletter. The goal of this journey is
to:

e Welcome new subscribers after signup
o Encourage subscribers to explore the website or products
e Increase engagement during the first week after signup
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Using the Al Journey Builder prototype, try to create a journey
that achieves this goal. While interacting with the system, you may:

e Describe your goal in natural language

e Review the generated journey

o Explore the suggestions and improvement tips provided by
the AI Agent

e Modify or refine the generated journey

Please think aloud while working, explaining what you expect
to happen, what you find confusing, and what you like or dislike
about the system.

10.5 Appendix 5 - User testing Questionnaire
10.5.1

First, the following question was asked to determine the level of
expertise of each participant: ’How would you rank your level of
expertise with the current Activate journey builder?’. This question
was answered on a 5-point Likert scale ranging from "No experience’
to ’Expert’.

Then, the following questions were asked to be able to make a
comparison between the Spotler Active journey builder and the AI
Agent journey builder based on effectiveness, usability, and trust:

Closed survey questions (internal)

e Compared to the current Activate journey builder, which
version would allow you to create a high-quality journey
faster?

e Compared to the current Activate journey builder, which
version makes the process of creating a journey easier over-
all?

e Compared to the current Activate journey builder, which
version makes you feel more in control during the journey
creation process?

e Compared to the current Activate journey builder, which
version would you trust more to execute the journey as you
intended?

e Compared to the current Activate journey builder, which
version makes it easier to understand how each node con-
tributes to the goal of the journey?

To answer each question, participants had to choose between the
options ’Al Agent journey builder’,” Current Activate journey builder’,
and *About the same’.

10.5.2 Open questions (internal)

(1) Looking back at both tasks, how would you describe your
overall experience using the Al Journey Builder Agent?

(2) In what situations would you prefer the current manual
builder instead?

(3) Were there moments where you felt uncertain about what
to do next while using the system?

(4) Inwhat situations do you think an Al-assisted journey builder
would be most valuable?

(5) What elements of the interaction with the interface felt most
intuitive, and which felt least intuitive?



(6) Did you feel that you had enough control over the journey
creation process while using the Al Agent?
(7) What is something you feel is missing in the Al journey
builder?
(8) Did the AT help you reach a useful starting point faster than
you normally would in Activate?
(9) Were there moments where you questioned or doubted
the AT’s suggestions or output?
(10) How clear was it why the AI generated certain steps or
suggestions in the journey?
(11) Ifthisfeature were integrated into Activate, how likely would
you be to use it in your daily work, and why?

If needed, follow-up questions were asked for clarification or elab-
oration.

10.5.3 Closed questions (external)

The following questions were asked to be able to quantify per-
ceptions in a comparable way across the participants. It allowed
for identifying patterns in their experiences with the AI Agent
regarding effectiveness, usability, and trust.

¢ Did you feel like you understood what the Al was doing at
each step of the journey?

e Did the generated journey match what you had in mind
when you described your goal?

e Did you feel in control of the journey creation process?

e Would you trust this Al-generated journey to be sent to real
customers?

o Did the interface make it clear how each step in the journey
contributed to the overall goal?

To answer each question, participants had to choose between the
options ’Yes’, ’No’, or ’Somewhat’.

10.5.4 Open questions (external)

(1) Looking back at both tasks, how would you describe your
overall experience using the Al Journey Builder Agent?

(2) Were there moments where you felt uncertain about what
to do next while using the system?

(3) What elements of the interaction felt most intuitive, and
which felt least intuitive?

(4) Did the AI help you reach a useful result faster than you
expected?

(5) Were there moments where you doubted or questioned
the AT’s suggestions or output?

(6) Did you feel that you had enough control over the journey
creation process?

(7) How clear was it why the Al generated certain steps or
suggestions?

(8) Inwhat situations do you think an Al-assisted journey builder
like this would be most useful?

(9) What would make you trust the output of this tool more?

(10) If this tool were available as part of a marketing platform,

would you use it? Why or why not?
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(11) What do you feel is missing in the current prototype?



	Abstract
	1 Introduction
	1.1 Improving business processes
	1.2 Challenges
	1.3 Objective
	1.4 Relevance

	2 Background
	3 Related Work
	4 Research Strategies and Research Methods
	4.1 Interviews
	4.2 Tool Analysis
	4.3 Requirements
	4.4 Prototyping
	4.5 User testing

	5 Study Execution
	5.1 Interview execution
	5.2 Tool Analysis execution
	5.3 Requirements
	5.4 Prototyping execution
	5.5 User testing execution

	6 Results
	6.1 Internal User Test Findings
	6.2 External User Test Findings
	6.3 Comparison of the Internal and External User Testing Findings

	7 Discussion
	7.1 Comparison with literature
	7.2 Implications for AI Agent UI Design
	7.3 Implications for marketing technology domain

	8 Limitations
	8.1 Sampling
	8.2 Prototype
	8.3 Study Design
	8.4 Generalization
	8.5 Construct Validity

	9 Conclusion
	References
	10 Appendices
	10.1 Appendix 1 - Exploratory survey
	10.2 Appendix 2 - Interviews
	10.3 Appendix 3 - Prototyping
	10.4 Appendix 4 - User testing task description
	10.5 Appendix 5 - User testing Questionnaire


