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ABSTRACT
Despite the increasing development of Artificial Intelligence (AI)
systems, Requirements Engineering (RE) activities face challenges
in this new data-intensive paradigm. We identified a lack of support
for problem discovery within AI innovation projects. To address
this, we propose and evaluate DIP-AI, a discovery framework tai-
lored to guide early-stage exploration in such initiatives. Based on
a literature review, our solution proposal combines elements of ISO
12207, 5338, and Design Thinking to support the discovery of AI
innovation projects, aiming at promoting higher quality deliveries
and stakeholder satisfaction. We evaluated DIP-AI in an industry-
academia collaboration (IAC) case study of an AI innovation project,
in which participants applied DIP-AI to the discovery phase in
practice and provided their perceptions about the approach’s prob-
lem discovery capability, acceptance, and suggestions. The results
indicate that DIP-AI is relevant and useful, particularly in facilitat-
ing problem discovery in AI projects. This research contributes to
academia by sharing DIP-AI as a framework for AI problem discov-
ery. For industry, we discuss the use of this framework in a real
IAC program that develops AI innovation projects.
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1 Introduction
The increasing adoption of Artificial Intelligence (AI) components
in software raises concerns regarding the quality of these compo-
nents. Many factors have contributed to the widespread integration
of Machine Learning (ML) components into traditional software.
Examples of such systems can be found in healthcare [27], finance
[17], education [28], and others.

Difficulty in communication and high customer expectations are
aspects commonly addressed in Requirements Engineering (RE)
and identified as particularly challenging in ML projects [25]. These
systems often involve ambiguous requirements, emergent quality
attributes such as explainability, and inherently iterative and ex-
perimental development cycles. Despite its critical role in quality
assurance, current RE practices offer limited guidance for ML-based
systems [1]

Martins et al. [30] conducted a study on the state of RE practice
in ML projects within an innovation-driven environment, focusing
on research, development, and innovation (RDI) projects. Through
interviews with project coordinators, they identified several chal-
lenges, including problem comprehension, deriving insights from
data, maintaining effective communication, and aligning technical
and domain knowledge to manage feasibility constraints challenges.
These findings are aligned with the findings from the survey by
Alves et al. [5], which also identified difficulties in problem under-
standing, managing customer expectations, and aligning require-
ments with data as key challenges for the improvement of the
quality of these systems.

The development with AI components represents a paradigm
change compared to traditional software development. AI systems
present AImodels that have data-based behaviorwhile in traditional
software the behavior is specified according to user needs and
business rules. RE is a challenge in this scenario, being critical
and directly affecting the quality of these systems [16, 40]. The
traditional practices of RE are not well aligned with AI development
[16, 24, 46].

Marban et al. [29] present a comparison between CRISP-DM [11]
and the methodologies proposed by Fayyad et al. [14], Cabena et
al. [9], and Anand and Bucher [6]. These methodologies have in
common a Discovery phase, comprising the identification of human
resources, understanding the business, determining business objec-
tives, and developing and understanding the application domain.
Although they are aligned with the objectives of ISO 12207, there is
no clear mapping to the aspects of the ISO requirements. The iden-
tification and characterization of the business becomes a challenge
to be addressed by the project team, usually by the data scientist.
In practice, this stakeholder typically conducts RE-related activities
[5, 33]. However, these activities would be better developed by a
specialist with the support of data scientists and other stakehold-
ers [42]. In fact, to identify a business and characterize it in search
of points that reinforce the need for AI solutions for the business,
it is necessary to have a direction to support this activity, together
with other stakeholders.

This paper proposes a framework for discovery in AI innovation
projects that helps to understand the business, its objectives, and
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its problems, as well as to prepare for the project definition. This
framework guides requirements analysts in understanding the or-
ganization, problems, data, and identifying characteristics and their
distribution, which is essential to achieve a high-quality AI model
[45]. This solution facilitates understanding of the context and do-
main [23], enhances stakeholder collaboration [25], and enables
anticipation and structured discussions on model degradation [44],
perception regarding quality, non-functional requirements (NFR),
and trade-offs [1, 19, 41]. We developed the proposed framework
based on the Technology Transfer Model (TTM) [36], incorporating
foundational elements from ISO 12207, 5338, and Design Thinking.

To assess the effectiveness of the proposed framework and gather
insights for its improvement, we conducted a case study following
the guidelines outlined by Runeson and Höst [38]. The study was
carried out within the context of a research and development (R&D)
initiative, independent of the authors’ institution, and involved a
real industrial partner engaged in the development of a minimum
viable product (MVP). The evaluation of the DIP-AI framework was
structured as an evaluative case study, focusing on the perspectives
of participants involved in the problem discovery phase.

We designed a structured questionnaire aimed to capture par-
ticipants’ perceptions regarding the problem discovery capability,
usability, and utility of the framework, with the quantitative items
grounded in the constructs of the Technology Acceptance Model
(TAM) [39]. We also collected suggestions with additional open-text
answer options.

As part of the case study, DIP-AI was successfully applied in
practice, helping to understand the business objectives and prob-
lems, providing the basis for subsequently defining an MVP of an
AI product that was successfully developed and deployed at the
industrial partner. The main findings of the quantitative analysis
indicate that the proposed approach is useful, relevant, and effective
in supporting the discovery of AI innovation projects. Qualitative
analysis of participants’ feedback revealed additional suggestions
for enhancement, particularly regarding the need for additional
support for applying the framework.

This paper is organized as follows. Section 2 describes the related
work. Section ?? presents the background of the proposed frame-
work. Section 4 presents the proposed framework and describes the
method for defining the framework. Section 5 describes the study
case design. Section ?? provides the study case results. Section ??
presents the discussion of the results. Section 8 discusses threats
to validity. Finally, Section 9 concludes this work, highlighting its
contributions and future work.

2 Related Work
This section reviews related approaches to RE for AI systems. While
existing works define requirements and perspectives (e.g., Per-
SpecML [42]) or combine methodologies like CRISP-DM, DT, and
Lean [2], none focus specifically on a structured Discovery phase
for AI projects.

PerSpecML organizes RE-related concerns into five perspectives
(goals, user experience, infrastructure, model, and data) and sup-
ports their specification through guided questions. Our approach
complements it by preceding the specification with structured prob-
lem discovery and feasibility analysis. Ahmed et al. propose an

integrated methodology (business, data, product), but do not ad-
dress specific aspects of development defined in the RE process and
relevant for quality development.

The AI Canvas [12], the ML Canvas [13], and Deep Learning
(DL) Canvas [35] are canvases that present fields with context
application, key evaluation metrics, features, model development,
and data aspects (distribution, source, and logistics). All of these
fields are very general and, therefore, depend on the expertise of
the filler to obtain the necessary information. In addition, aspects
regarding the decision of which problem(s) will be solved, data
availability, model consumption method, etc. are not addressed in
the canvas and can strongly impact the project.

Our framework addresses these gaps by supporting early-stage
discovery-related activities, such as problem identification, KPI
definition, feasibility assessment, and stakeholder alignment, to
enable more informed and quality-driven AI innovation projects.
Hence, we emphasize that the unique aspect of our contribution
is a proposal that brings together aspects of an AI project that can
be considered from the project’s discovery stage and will assist in
decision-making so that the project has higher quality and meets
stakeholders’ expectations.

3 Background
3.1 ISO/IEC 12207:2017 and ISO/IEC 5338:2023
ISO/IEC/IEEE 12207:2017 [26], entitled “Systems and Software En-
gineering - Software Life Cycle Processes”, is an international stan-
dard that defines a process for software engineering (SE) throughout
the life cycle of a software. It is jointly published by the Interna-
tional Organization for Standardization (ISO), the International
Electrotechnical Commission (IEC), and the Institute of Electri-
cal and Electronics Engineers (IEEE). The standard is widely used
across industries to ensure that complex systems are efficiently and
effectively designed, developed, operated, and maintained.

The standard covers all phases of the software life cycle and
defines a set of processes and activities necessary for SE. These
processes include i) agreement; ii) project organization; iii) technical
design; and iv) technical support. It is designed to be compatible
with and complementary to other standards, such as ISO/IEC/IEEE
15288:2023, which focuses on systems engineering, and ISO/IEC
5338:2023 [25], which introduces AI-specific processes and updates
requirements engineering practices for AI systems.

Next, we present key points about ISO/IEC/IEEE 12207:2017,
essential for the context of this proposal:

• Requirements Engineering: emphasizes the importance of
identifying and documenting software requirements to guide
software design and development, with dedicated processes
for requirement elicitation and specification.

• Risk Management: addresses risk identification and mitiga-
tion, along with quality assurance, throughout the develop-
ment process to ensure software reliability.

• Adaptability: offers flexibility to suit different types of soft-
ware systems and organizational contexts, making it suitable
for innovative and AI-driven projects.

• Stakeholder involvement: highlights the need for continuous
engagement with stakeholders to ensure their expectations
are met throughout the life cycle.
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• Specification and Traceability: stresses the importance of
thorough documentation and regular reviews to maintain
alignment with requirements and ensure expected function-
ality.

In this work, we adopt this standard to support the definition
of the requirements engineering process and associated artifacts,
aiming to ensure problem identification, quality, and traceability in
the development of AI-based systems.

3.2 Design Thinking
Some works highlight the use of Design Thinking (DT) and RE
[3, 20–22, 34]. It is a structured approach to problem-solving and
has been used to develop innovative products that explores needs
and integrates an agile and flexible environment to solve complex
and ill-defined problems.

After examining the two approaches, we identified that ISO/IEC
12207 and DT can complement each other in proposing support
for the discovery of AI innovation projects. DT follows a struc-
tured process represented by the Double Diamond model, which
alternates between divergent and convergent thinking phases—first
to explore and define the problem, then to ideate and prototype
solutions.[18]. The focus of our proposal is on the first diamond to
support problem identification. Identifying problems and detailing
them is challenging, as is establishing communication with stake-
holders. Other contributions already support RE ideation [4] and
specification activities [42].

4 Methodological Path
Our proposal was conceived and refined based on the Technology
Transfer Model (TTM) [36], which supports the development of
artifacts (e.g., models, methods, and processes) to address specific
challenges.

Figure 1: Transfer Technology Model adapted by [36].

As illustrated in Figure 1, TTM begins with the identification of
a real-world industry need, supported by findings in the literature.
Based on this need, a candidate solution is designed and iteratively
evaluated in various scenarios. Each evaluation cycle informs re-
finements to the artifact, enhancing its relevance and value for both
research and practice. The next sections detail how the TTM was
applied to conceive DIP-AI.

4.1 Problem identification
We conducted interviews with coordinators of several of AI and
innovation projects. We discovered the difficulty in understanding

the underlying problem associated with data-driven tasks, ensuring
effective communication among stakeholders, and aligning domain-
specific and technical knowledge[30]. These challenges were also
found by Alves et al. [5].

4.2 Problem formulation
We conducted a tertiary study, that is, a review of secondary studies
[32]. We searched for studies that related RE and AI in databases
such as ACM DL, IEEE Xplore, Scopus, Engineering Village, Wiley,
andWeb of Science. We obtained 1280 studies and included 9 for full
reading and data extraction.We identified gaps in RE for AI systems,
particularly in the early stages of problem and data identification,
communication and collaboration with stakeholders, metrics and
acceptance criteria identification, NFR and trade-offs analysis, and
traceability.

Given this context, we formulated the following research ques-
tion: "How can we support problem discovery to enhance
the effectiveness of AI innovation projects?". In response, we
proposed a candidate solution described in the following section.

4.3 Candidate Solution: DIP-AI
4.3.1 DIP-AI Construction Process. We studied the RE-related ISOs
technical processes.We listed the activities and tasks of each process
and highlighted what we considered essential for executing the
RE phase so that they would not be suppressed. We also defined
activities with experienced requirements engineers and the support
of a data scientist. The activities were discussed iteratively over
four weeks.

Regarding the business analysis process, we included the follow-
ing activities: (i) define the scope of the problem and analyze com-
plaints, (ii) characterize the solution space and identify alternative
solutions, (iii) evaluate alternative solutions, and (iv) maintain trace-
ability. For the stakeholders’ needs definition process, we defined
the following activities: (i) identify stakeholders; (ii) define needs,
context of use, and scenarios; (iii) classify and prioritize needs; (iv)
identify restrictions and relationships with non-functional require-
ments; (v) analyze the set of requirements and define performance
measures; (vi) discuss and give feedback; and (vii) obtain agreement
and maintain traceability.

Concerning the system requirements definition process, we chose
the activities as follows: (i) define the functional boundary; (ii)
identify modes of operation, implementation restrictions, and risks,
and define requirements; (iii) analyze requirements; and (iv) obtain
agreement and maintain traceability. Finally, we defined the follow-
ing activities for the system analysis process: (i) identify contexts
and assumptions, analyze the results, establish conclusions and
recommendations, record results, and (ii) maintain traceability. We
believe that a simplified guide process can aid experimental and
iterative AI and innovation development.

After defining the essential activities, we aligned them with the
DT Double Diamond model. In the empathize phase, we positioned
activities from the business analysis process. The define phase en-
compasses tasks related to the stakeholder needs definition process.
The ideate phase integrates activities from the system requirements
definition process. The system analysis process spans across all
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three phases, supporting iterative refinement and stakeholder align-
ment. Finally, the prototype phase involves the development, eval-
uation, and refinement of ML-enabled prototypes until a solution
that meets stakeholder expectations is achieved [31].

Each DT phase also has expected outcomes aligned with ISO
standards. The empathize phase aims to uncover user and business
needs. The definition phase results in the articulation of challenges,
problems, and evaluation criteria.

For each phase, we specify relevant information and subpro-
cesses suitable for AI innovation projects. Based on this process,
we formulated guiding questions to assist in problem identification,
solution analysis, and data-driven stakeholder engagement criti-
cal to this development context. Table 1 presents the relationship
between the main constructs of the canvas and ISO 12207 processes.

The 5W2H management tool has been used to make the plan-
ning and execution of projects, tasks, and actions clearer, ensuring
that all relevant information is provided, assigned, and understood
by all involved [15]. We identified that to understand the prob-
lem we needed to answer some basic questions such as: What are
the businesses involved? How are they carried out?Who are the
stakeholders? Where do the processes take place in the organi-
zation? How do these processes happen and why?What are the
costs and impacts of these activities? Aligned with the 5W2H ques-
tions. These questions help better characterize the organization’s
existing processes and problems. This allows for greater insight
into the project management landscape and better alignment with
stakeholders.

The GUT Matrix prioritizes problems based on Gravity, Urgency,
and Trend, helping guide decision-making in dynamic project con-
texts [15]. This GUT matrix classifies problems to establish ordered
priorities to deal with problems efficiently. Therefore, the processes,
problems, and tasks are prioritized (using the GUT matrix). Then
the feasibility analysis is carried out by collecting information such
as input and output data, algorithms, metrics, references, etc.

We also identified the importance of understanding the task data
associated with the problem as part of feasibility, as this determines
whether an AI solution is applicable to the project. We refined DIP-
AI by discussing it with project coordinators. The current version
of the DIP-AI framework canvas is presented in Figure 2 and details
about its structure follow.

4.3.2 DIP-AI Framework Canvas. The proposed canvas is struc-
tured into three parts, following the first diamond of the Design
Thinking model. The first part corresponds to the empathy and im-
mersion phase, aimed at understanding the client’s context and pain
points. The second part focuses on defining and prioritizing prob-
lems and project objectives. The third part refers to ideation, where
possible solutions for the selected priority problem are outlined,
followed by a feasibility analysis.

Stakeholder involvement—an acknowledged challenge in AI
projects [31]—is central to using the canvas properly. In the first
phase, fields are completed primarily by the Business Owner (BO),
who provides context, organizational background, existing chal-
lenges, and identifies other relevant stakeholders. In the second
phase, the Domain Expert (DE) joins the BO to characterize and
prioritize organizational processes, problems, gaps, and opportu-
nities. At the end of this phase, the Data Scientist (DS) identifies

which of the prioritized elements correspond to data-related tasks.
In the third phase, the DS answers more advanced questions to
evaluate the feasibility of developing AI-based solutions for the
selected tasks.

By guiding this multi-stakeholder collaboration and addressing
specific AI-related challenges, the canvas offers a practical approach
tailored for AI innovation projects [5, 30]. It was designed to pro-
mote an iterative and adaptable approach suited for AI innovation
projects, aimed at facilitating communication through its visual
structure, enabling the alignment of business objectives and tech-
nical feasibility with data, and supporting the understanding and
prioritization of problems and processes.

4.4 Validation
The objective of these stages is to progressively refine the candidate
solution to ensure its suitability for industry adoption. Following
the Technology Transfer Model (TTM), we carried out three
evaluations in distinct contexts: (i) an academic validation with
graduate students in Software Engineering for AI, who used the ap-
proach to identify problems in their final course projects; (ii) a static
validation in an industrial setting, where RDI professionals retro-
spectively applied the approach to real project artifacts—this type
of validation is conducted offline, with real practitioners and data,
but outside the context of active development; and (iii) a dynamic
validation, embedded in a real-time industrial case study within
an ongoing project. These iterative assessments were designed
to promote early issue identification, enhance user satisfaction,
foster continuous improvement, and build trust in the solution’s
applicability. An approved ethics reviewwas conducted prior to per-
forming validations involving human participants. Subsequently, a
pilot study was carried out with five graduate students to assess
the validation procedure and data analysis methods, as well as to
identify potential issues 1.

4.5 Release the solution
In the future, we plan to implement the proposed improvements
and develop documentation to effectively transfer the technology.

5 Study Case Design
This investigation is structured as an evaluative case study involv-
ing participants actively engaged in a discovery phase to identify
and characterize a viable problem for the project. The methodolog-
ical approach was guided by the case study research principles
outlined by Runeson et al. [38].

5.1 Goal and Research Questions
We followed the Goal-Question-Metric (GQM) goal definition tem-
plate [8] to define our research goal as follows: Analyze DIP-AI
with the purpose of characterization with respect to the prob-
lem discovery capability, overall acceptance, and criticisms
and suggestions for improvement, from the point of view of
participants in the context of IAC AI innovation projets.

Based on this objective, we formulated the following Research
Questions (RQs):

1CAAE: 81475724.4.0000.5083
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Table 1: Relation between ISO/IEC/IEEE 12207 modified by ISO/IEC/IEEE 5338 processes and DIP-AI Canvas

Process/Fields Goups Question about
context projects 5W2H GUT Matrix ISO 31000 Fesibility Analysis

Business or mission
analysis process

Define scope of the problem and
characterize the solution space

Evaluate classes of
alternative solutions

Stakeholder needs and
requirements definition process Define context of use Prioritize and

classify needs Identify constraints

System requirement
definition process

Identify and define
needs and justifications Prioritize needs Identify risk-related

requirements

System analysis process Define strategy and
perform analysis

Figure 2: DIP-AI Canvas.

• RQ1: How well does DIP-AI contribute to problem dis-
covery in AI innovation projects? To answer this ques-
tion, we closely followed the experience of applying DIP-
AI, analyzed the completed DIP-AI canvas artifact, specific
follow-up questions, and considered the concrete result of
the project (which, at the time of writing, has been completed
and deployed at the industrial partner).

• RQ2: How well is DIP-AI accepted in practice? To an-
swer this question, the follow-up questionnaire was designed
based on the Technology Acceptance Model (TAM 3) [39].

• RQ3: How can DIP-AI be further improved? To answer
this question, we qualitatively analyzed open-text responses
to the follow-up questionnaire regarding criticisms and im-
provement suggestions.

5.2 Validation Context
The context of this study is an industry-academia collaboration
innovation project initiative designed to enhance the education of

undergraduate and postgraduate students. In this initiative, partici-
pants play a central role in the design and development of innova-
tive AI-based technology solutions aimed at addressing concrete
business challenges of real industry partners [37]. The industrial
partner involved in the particular case study is a technology com-
pany that develops digital solutions for multiple clients, with a
product portfolio focused on technological security across various
industry sectors.

Problem discovery is an important part of an AI innovation
project, enabling the identification of problems rooted in the gen-
uine needs of the industrial partner. The project in question was
suitable for our case study as it did not yet have a clearly defined
problem. We spent a month on-site accompanying the participants
whilecarrying out the Discovery phase of the project with the sup-
port of DIP-AI. We participated in the onboarding meeting with
the customer, daily meetings, and applied the questionnaire.
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Regarding the profile of the participants, the project team had
eight undergraduate students and two doctoral students. All par-
ticipants had at least one year of prior experience in AI innova-
tion projects, having been involved in between two and six such
projects. Six of the participants declared themselves experienced
and skilled in identifying problems in AI projects. More details
about the participants’ profiles are shared with other materials
from this evaluation 2. Figure 3 illustrates the participants in the
context of the case study and the DIP-AI framework used in the
background.

Figure 3: Participants in the Case Study Context and the Use
of DIP-AI in the background.

Figure 4 illustrates the DIP-AI framework canvas completed dur-
ing the case study. The canvas was first introduced to the project
coordinators on January 15, 2025, when the constructs employed in
the canvas, the potential benefits of its evaluation, and the compo-
nents of the artifact were presented. On January 22, 2025, the first
author conducted a presentation to the participants, providing an
overview of the canvas and explaining each field in detail. During
this session, participants posed questions about its use and engaged
in discussions about the relevance of the canvas and how it might
help to mitigate challenges in their project. Each presentation lasted
approximately one hour.

Figure 4: DIP-AI completed by participants in the case study.

In the subsequent days, the first author documented difficulties
reported by participants in their respective project that could po-
tentially be addressed through the proposed approach. Additional
2https://zenodo.org/records/15732851

contextual information about the industrial partner and the project
challenge was also gathered. On January 29, 2025, the project objec-
tive was revised in collaboration with the partner company and the
innovation unit due to feasibility concerns. As a result, the canvas
was completed for a second time on January 30, 2025, between 3:30
p.m. and 6:00 p.m. During this session, participants identified and
prioritized multiple project-related tasks using the GUT Matrix.

In the days that followed, participants continued to raise ques-
tions about specific canvas fields, although they did not resume
completion immediately. The process was resumed on February 6,
2025, from 3:20 p.m. to 4:45 p.m., at which point participants were
better prepared to engage with the artifact. Having met with com-
pany representatives to clarify uncertainties and deepened their
understanding of the problem, they completed all remaining fields.

5.3 Data Collection
Data collected throughout the experience of the participants ap-
plying DIP-AI involved the completed DIP-AI canvas artifact, the
follow-up questionnaire, and information on the concrete result of
the project.

For RQ1 (contributions to discovery) we considered the over-
all problem discovery experience, questions about perceptions of
contributions of the artifact (questions that we created and that
are shown in group 1 in Figure 5), and the open question "In the
projects in which you participated, what were the difficulties in
identifying the problem or machine learning task to be addressed
in that project? Could they be mitigated by using this artifact?”.

For RQ2 (acceptance), we considered the answers to the TAM-
based [39] questions. Considering the research objectives and con-
text, the study focused on Technology Acceptance Model (TAM)
constructs related to perceived usefulness—specifically job rele-
vance, output quality, and result demonstrability—and perceived
ease of use, including computer self-efficacy, perception of external
control, perceived enjoyment, and objective usability. To ensure
methodological rigor, the original semantics of the selected con-
structs were preserved, and internal reliability was assessed using
Cronbach’s Alpha, yielding a value of 0.95, which indicates excel-
lent reliability. We selected eight of the TAM 3 constructs (questions
of groups 2 to 9 in Figure 5), which are: usefulness, ease of use, abil-
ity to perform the task using the artifact, control of the artifact to
perform the task, pleasure in using the artifact, perceived relevance
of the artifact, output quality and demonstrability, and intention to
use the artifact.

Finally, for RQ3, we considered the answers to the following
open questions:

• What limitations, recommendations, or opportunities for
improvement do you identify in this artifact?

• Do you consider that any questions or fields are missing
from the artifact?

• Do you find the current structure and organization of the
artifact to be clear and appropriate?

5.4 Analysis Procedures
For the quantitative analysis of the TAM questions, we performed
a reliability analysis using Cronbach’s Alpha. Reliability indicates
how reliably or accurately a questionnaire or test measures a true

https://zenodo.org/records/15732851
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value. Cronbach’s alpha is given by 𝛼 = 𝑁𝑐
𝑣+(𝑁−1)𝑐 , where 𝑁 rep-

resents the number of items, 𝑐 is the average inter-item covari-
ance, and 𝑣 is the average variance. The quantitative analysis was
conducted by aggregating the number of responses for each ques-
tionnaire item, based on a seven-point Likert scale to assess the
perceived contribution of the framework.

The qualitative analysis of open questions was conducted using
the Atlas.TI tool [7], applying open and axial coding procedures
from Grounded Theory [10].The method we used was to gather
participants’ responses to each open-ended question in the ques-
tionnaire. We then analyzed the contributions, coded each response,
grouped the responses, and established possible relationships. Since
we were unable to reach data saturation due to the small sample of
participants, we did not perform selective coding.

6 Results
In Figure 5, we present a heat map that represents the responses
of the 10 participants to the 36 Likert scale items (the five created
ones for artifact contribution, and the 31 from the 8 selected TAM 3
constructs) that form the perception questionnaire of this research.
The questions are numbered in the form X.Y where X represents
the group of questions and Y enumerates the questions in a group.
The values in each field of the heat map represent the number of
responses to a given question. We obtained a Cronbach’s Alpha of
0.950, which means that the internal consistency of the question-
naire can be considered excellent. Hereafter, we answer each of the
research questions.

6.1 RQ1: DIP-AI’s contribution to problem
discovery

Regarding RQ1, considering the overall discovery experience, the
team filled the DIP-AI canvas and used it to guide the identifica-
tion of the problem. In fact, it supported a strategic redefinition of
the problem by analyzing risks and opportunities early. The team
started working on understanding a particular problem, but then
identified risks and a more promising alternative, changing direc-
tion. It is noteworthy that at the time of writing, an MVP solving
the identified problem was successfully developed and deployed at
the industry partner.

Furthermore, based on the first group of questions, it is possible
to observe that participants reported that use of the DIP-AI canvas
positively influenced project execution by optimizing resources
and supporting the achievement of objectives, particularly because
problem identification was conducted accurately, efficiently, and
effectively.

Additionally, participants acknowledged that the use of the DIP-
AI artifact helped address common challenges encountered during
the problem discovery phase in innovation and AI-related projects.
However, two participants disagreed about the artifact’s usefulness
for individuals identifying a problem in a project for the first time.

Participants’ answers to the question "In the projects in which
you participated, what were the difficulties in identifying the prob-
lem or machine learning task to be addressed in that project? Could
they be mitigated by using this artifact?”.

• P3: "I believe that using this artifact right from the beginning
could help us look at data and request possible pending issues
that may exist.”

• P6: "I believe that using this artifact the difficulties could be
mitigated”

• P8: "Lack of clarity of processes related to the problem and
there is a need to structure the necessary data in a clear way.”

• P7: "Lack of clarity in communication with the customer
and in the company’s processes are difficulties that could be
mitigated, since the artifact would help the team prioritize
elements of an AI task.”

RQ1 Answer: The use of DIP-AI was suitable, and it was
considered to contribute positively to the discovery phase of
the AI innovation project.

6.2 RQ2: DIP-AI overall acceptance
Participants expressed positive perceptions regarding the useful-
ness of the artifact (as reflected in the responses from Group 2).
They considered the artifact to be beneficial in several ways: it
enhances productivity, increases assertiveness in decision-making,
and supports effective problem identification.

Regarding ease of use (Group 3), four of the participants re-
ported that the artifact requires a lot of mental effort. And only one
student reported that he did not find it easy to use the artifact for
what he wanted.

Regarding the group of questions (Group 4) related to the ability
to identify problems using the artifact, two participants reported
that they would have difficulty completing the activity without
guidance. Additionally, one participant indicated that relying solely
on a support resource or a brief explanation would not be sufficient
to carry out the task effectively. These perceptions align with com-
ments from other participants who noted that the artifact is not
entirely intuitive or easy to use.

Regarding the perception of controlling the artifact (Group 5)
to perform the activity, three participants disagreed with having
control over the artifact. Perhaps because they consider it not a
very customizable tool.

Regarding the dimension of pleasure (Group 6) in performing
the activity with the artifact, one participant reported not experi-
encing any sense of enjoyment, and three others stated that they did
not find the task engaging or fun. These responses are consistent
with the broader perception that the artifact is not particularly easy
to use, as it is associated with a cognitively demanding activity that
requires significant mental effort.

No negative perceptions were reported regarding the relevance
of the artifact (Group 7) or the importance of its use in supporting
tasks related to AI project development. Similarly, there were no
negative comments concerning the demonstrability and quality
of the artifact’s results (Group 8). On the contrary, participants
emphasized that the artifact contributes positively to stakeholder
communication, reinforcing its practical value in project contexts.

Finally, nine responses were positive regarding the intention
to use (Group 9) the artifact in the future.

RQ2 Answer: The use of DIP-AI was well accepted by agile
team involved in innovation project.
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Figure 5: Heat Map of Participant’s Perception (TAM 3-based)
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6.3 RQ3: DIP-AI criticisms and suggestions
Participants generally reported that the artifact was well-structured
and adequately organized, with no missing fields. They also men-
tioned that the use of the framework could help mitigate challenges
previously encountered in other projects.

Participants indicated that DIP-AI is particularly valuable during
the discovery phase of AI innovation projects. Three responses
highlighted that the framework contributed to understanding the
problem and facilitated communication with stakeholders. Addi-
tionally, four participants noted that the DIP-AI canvas played a
key role in stakeholder discussions concerning the availability of
data, an essential aspect for the success of such projects. Partici-
pants also identified specific advantages of using the artifacts: one
response emphasized the artifact’s role in task prioritization, and
three others mentioned that the canvas helped reduce common
difficulties in innovation and AI initiatives.

Despite the positive feedback, participants also offered several
suggestions for improvement. One participant noted that the ar-
tifact is extensive and proposed completing it in iterative rounds.
Another suggested that some fields could be merged to reduce the
overall complexity. Additional suggestions included the inclusion
of a glossary to clarify terms and acronyms, as well as providing
guidance to assist stakeholders in completing the artifact. One par-
ticipant recommended enriching the "priority problem" field by
linking it to problem characterization — specifically, incorporating
information from the GUT matrix and task data into the analysis
of findings. Another participant proposed integrating the canvas
with agile methodologies, such as Scrum, to periodically reflect
on the project’s objectives during each sprint. Finally, two respon-
dents suggested that the canvas would benefit from tool support to
enhance user interaction and usability.

• P3: "I believe that using this artifact right from the beginning
could help us look at data and request possible pending issues
that may exist.”

• P6: "I would add, along with the algorithms, the characteriza-
tion of the priority problem. For example: it is a classification
problem, regression, supervised learning, unsupervised, it
will involve Deep Learning, LLMs.”

• P8: "I would like some concepts of the artifact to be explained
through a glossary, because if we did not have help, it would
be confusing to understand some terms.”

• P7: "I would use the artifact as an aid to SCRUM, just like
KANBAN. Filling out the artifact in "rounds" is one of its
greatest values: giving a temporal notion of the team’s per-
ception of the project as a whole. It may even have too many
fields, which could lead to exhaustion for those using the
artifact and cut short the creative innovation process a bit by
keeping the user too tied to a (possibly) long and closed step-
by-step process. In my opinion, the artifact could benefit a
lot from tool support with an inviting and clean UX.”

• P10: "During the dynamic, I felt that some fields were con-
fused with each other, and perhaps, without the help of the
researcher, I would not have properly understood what dif-
ferentiated them. For example, the GUT matrix was a little
confusing to me at first, although it was very useful. I found
it more practical to use it virtually.”

RQ3 Answer: DIP-AI contributed to problem discovery, com-
municating with stakeholders, and prioritization of problems.
We also received suggestions to make the canvas more user-
friendly, such as adding a glossary and tool support.

7 Discussion
DIP-AI is a proposal alignedwith the RE phase applied to AI projects.
In AI project development processes, there is concern with the
Discovery phase, where the problem is identified and characterized;
the data is discovered, and the project is prepared for the other
phases. Project coordinators pointed out the difficulty in identifying
the problem and in building andmaintaining this documentation for
their projects [30]. This difficulty was also pointed in studies on the
state of the art and practice [5, 43]. The approach was developed to
help discovering and selecting problems to be addressed in a project.
DIP-AI was useful in identifying the problem to be addressed in
the project. The AI product developed and delivered within the
case study was based on a WhatsApp user interface and employed
LLMs for fluent communication and an ML classification model to
identify potentially unsafe situations, also proactively suggesting
protective actions to users. The engine is capable of interpreting
multiple input formats provided through WhatsApp (QR codes,
images, locations, and text messages).

In the evaluative case study, the proposed framework was per-
ceived as both useful and relevant. The quantitative analysis sup-
ports this perception, indicating that the artifact effectively aids in
problem identification. These findings are corroborated by the qual-
itative analysis, which reinforces the positive evaluations observed
in the quantitative data. The results suggest that the framework
facilitates communication and assists in collecting project-related
information that may signal potential future risks, such as the vi-
ability and availability of data and models. However, perceptions
regarding the ease of use were not uniformly positive. The quali-
tative feedback provided valuable insights on how to enhance the
proposal’s usability. Suggestions include simplifying the comple-
tion process through the use of a glossary, guided assistance, or
iterative completion rounds.

8 Threats to validity
In this section, we discuss the threats to the validity of our study,
according to the categories presented by Runeson et al. [38].

In terms of construct validity, potential challenges include the
influence of assessment apprehension, which may mobilize par-
ticipants to avoid negative feedback. To mitigate this threat, the
questionnaire was administered anonymously. In addition, hypoth-
esis guessing emerges as a potential threat, where participants may
have provided overly positive responses, anticipating the research
being conducted. To minimize this problem, we clarified that the
questionnaire would be used to investigate ways to understand
and improve the experience of identifying problems in projects.
Participants were encouraged to be honest and critical in order to
improve the approach in the future.

For internal validity, issues such as diffusion or imitation of
treatments come to the fore. Some participants may have sought
information about the motivation for some responses from their
peers, compromising the integrity of our study. To minimize this
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threat, we included open-ended questions at the end of the ques-
tionnaire to complement the quantitative analysis of the results
and better understand participants’ perceptions when answering
each question. Furthermore, we applied the questionnaire individu-
ally and synchronously to avoid the influence of comments among
participants.

Regarding external validity, we faced the selection and treat-
ment interaction due to the non-representative sample achieved by
our study. The participants chosen for the research were currently
active in AI innovation projects and had already performed prob-
lem identification in previous projects. Despite this, we recognize
the importance of carrying out more case study evaluations with
different participant profiles and projects for generalization.

Finally, regarding reliability, we conducted a single case study.
However, as expected for case studies, we carefully described the
context, and our case study fills a gap in the literature by identifying
problems of innovation and AI projects in an IAC context with a
large Brazilian security company. To improve the reliability of our
analyses, we peer-reviewed all of our analysis procedures involving
two independent researchers and made all data available online for
audit in our open science repository.

9 Final Remarks
This paper presents DIP-AI, an approach developed to identify and
prioritize key problems to be addressed in artificial intelligence
innovation projects. The approach empowers requirements engi-
neers — working collaboratively with business owners, domain
experts, and data scientists — to uncover opportunities for applying
AI to solve business problems. We introduced the DIP-AI canvas
with 28 fields for identifying the business objectives, characterizing
problems and opportunities, and analyzing feasibility.

We carried out a case study in the discovery phase of an ongoing
project with ten team members who had previous experience with
AI innovation projects. We held workshops for the participants to
fill out the DIP-AI canvas, and the participants had the opportu-
nity to ask questions about filling out the canvas and collecting
information from customers.

The DIP-AI canvas was reviewed by data scientists and inno-
vation project coordinators who provided feedback. The percep-
tions collected from the questionnaires were positive regarding the
usefulness and relevance of the canvas. Despite this, we received
negative feedback regarding the ease of use and pleasure in using
the artifact. These perceptions were corroborated in the qualitative
analysis, where the participants indicated that the proposal could
benefit from a glossary and tool support for filling out the canvas.

The case study demonstrates that the DIP-AI canvas supports the
formulation of innovative artificial intelligence solutions by align-
ing organizational objectives with process mapping and customer
problem identification. It enhances stakeholder communication,
guides the exploration process from pain point identification to
feasibility assessment, and offers insights into practitioner needs,
thereby informing future research aligned with the requirements
engineering phases defined in ISO/IEC 12207 and ISO/IEC 5338.
We also offer practical implications for industry by presenting a
successful application of the framework for problem identification

in a real AI innovation project developed for a large technology
company.

As futurework, we plan to conduct additional case studies encom-
passing a broader and more diverse range of artificial intelligence
innovation projects. Furthermore, we intend to design and evaluate
a software tool to facilitate the application of DIP-AI and to assess
its usability and contributions through focus group sessions with
domain experts.
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