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Abstract

Context: Many software startups fail by building solutions before
understanding real user needs. Meanwhile, Al in innovation is
used mainly for solution development, where human-AlI collabo-
ration accelerates prototyping and delivery. Objective: This study
investigates how human-AlI collaborative approaches can support
problem-space exploration in software startups. Method: We report
a case study of an early-stage software venture that systematically
used human-AlI collaboration for problem-space exploration. Find-
ings: We reconstruct the observed exploration process and identify
key limitations and potentials. Limitations include overreliance on
secondary data, confirmation bias, and premature closure of the
problem-space. Potentials include faster synthesis of large data and
rapid prototype development for learning. Based on these insights,
we propose a refined, hypothesis-driven workflow grounded in iter-
ative Build-Measure-Learn cycles. Conclusion: Human-AlI collabo-
ration can strengthen problem-space exploration when combined
with open-ended primary research and continuous user interaction.

CCS Concepts

« Human-centered computing — Empirical studies in HCI; «
Software and its engineering — Software creation and manage-
ment.
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1 Introduction

Innovation is a core driver of economic growth and technological
advancement [10], and startups are among its primary vehicles,
translating novel ideas into new products and services. Yet most
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startups fail [1], often because they do not address genuine market
needs! and end up building solutions to problems that do not exist.

In recent years, AI? has been increasingly integrated into inno-
vation processes [13]. Although it shows promise for addressing
this challenge of understanding genuine market needs, for example
by synthesising customer feedback and clarifying demand signals,
its use in innovation has so far focused primarily on development
activities. In software startups, for instance, Al has proven espe-
cially useful for accelerating prototyping [2], particularly through
human-ATI collaborative approaches such as vibe coding [7], which
enable developers to build applications through low-friction, con-
versational interaction at unprecedented speed.

This creates a significant gap. Although solution development
is accelerating, building products that customers actually want re-
quires working across two distinct spaces [11]: the problem-space,
focused on understanding users, their needs, and the contexts in
which those needs arise, and the solution space, focused on design-
ing and building a product that addresses them. While GenAl is
increasingly applied to the solution space, its potential to support
the problem-space, arguably the more critical of the two, remains
largely unexplored. This raises a key question:

RQ: How can human-AI collaboration support problem-space
exploration in software startups?

To answer this, we present a case study of a young software
venture actively using Al tools to explore the problem-space. We ex-
amine how the team conducts this exploration, where Al enhances
the process, and where it risks constraining problem discovery.
From these findings, we derive a high-level approach and outline
directions for future research.

The rest of the paper is structured as follows: Section 2 presents
the necessary background and related work in the field of AI for
user research, Section 3 details the research method, Section 4
highlights the results, Section 5 discusses the findings, Section 6
outlines threats to validity, and Section 7 concludes the paper.

2 Background and Related Work

2.1 Problem-Solution Fit

Problem-solution fit is the first of the three key stages of the startup
journey according to Maurya’s Running Lean [9]. It marks the
moment when a real problem worth solving is uncovered and a
solution is identified that addresses it, often described as the point
“where the rubber meets the road” [9].

Reaching problem-solution fit is particularly critical for startups.
Since customers do not buy products per se but the promise of some-
thing better [9], adoption depends heavily on a value proposition

Uhttps://www.cbinsights.com/research/report/startup-failure-reasons-top/
%In this paper, we use AI and GenAlI interchangeably to refer to contemporary genera-
tive Al systems and tools.
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that addresses real and meaningful customer needs. Without this
alignment, startups risk building solutions nobody wants, which
remains one of the leading causes of startup failure.

Several techniques offer guidance for navigating this process.
Design thinking, particularly the Double Diamond framework?,
structures this ambiguity through alternating divergence and con-
vergence: discover the context and user needs, define a focused prob-
lem statement, develop candidate solutions, and deliver a validated
one. Similarly, Steve Blank’s Customer Development [3] argues
that business plans should be validated through direct customer
interaction by surfacing assumptions and testing hypotheses.

2.2 Problem Exploration in Practice

Deeply understanding customer problems is especially challenging
when aiming to achieve problem-solution fit, because users often
do not know what they truly need or cannot clearly articulate it.
Uncovering genuine needs therefore requires direct, open-minded
engagement with people in their context [3], for example through
semi-structured interviews to surface motivations and uncover
underlying needs [11], or through observation in natural environ-
ments to capture real behaviours.

Doing this well requires access to real users, the ability to in-
terpret observations correctly, and the discipline to apply research
methods rigorously. For early-stage startups, where time is a scarce
resource, these requirements are particularly hard to meet, often
resulting in solutions that fail to address any genuine need.

2.3 GenAl for Problem Exploration

To address these concerns, a few studies have begun exploring how
GenAI might support understanding true user needs. A prominent
line of work examines Al-generated personas [4], including interac-
tive personas [5], and their use for eliciting early feedback without
direct access to end users [15].

While early results are promising, persona-based approaches
cover only a narrow part of problem-space exploration. As noted
above, effective problem exploration requires deeper research and
direct engagement with users, which synthetic personas cannot
fully replace. Moreover, how humans and Al can collaborate in this
process remains an open question.

2.4 Human-AI Collab in Solution Development

In contrast to the limited attention given to the problem-space,
human-AI collaboration has advanced considerably on the solution
side. Recent research shows how generative Al can support software
development across the full lifecycle, from defining specifications
to designing architectures to writing and testing code [16]. Agentic
coding tools such as GitHub Copilot are now widely adopted?, and
techniques like spec-driven development® and vibe coding continue
to accelerate delivery [7] through direct collaboration between
humans and Al, combining AT’s speed in generating software code
with human judgment for contextual relevance and quality control.

Shttps://www.designcouncil.org.uk/our-resources/the-double-diamond/
4https://survey.stackoverflow.co/2025/ai
Shttps://github.blog/ai-and-ml/generative-ai/spec-driven-development-with-ai-get-
started-with-a-new-open-source-toolkit/
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While human-AlI collaboration is enhancing solution develop-
ment, its role in the problem-space remains largely unexplored.
Startups can now build faster than ever, yet the fundamental chal-
lenge of determining whether they are building the right thing
remains largely unaddressed by current Al tooling. This research
therefore investigates how human-AI collaborative approaches,
comparable to those now established in the solution space, can be
applied to problem-space exploration.

3 Research Method

To explore this gap, this research adopts a single-case study design.
Case study is a common method in software engineering research
[14], which is typically used to answer “why” and “how” ques-
tions and where a research phenomenon under the study and its
context are difficult to separate [8]. A single-case study approach
is specifically used to study a rare and concrete phenomenon in
depth [8].

3.1 Case Selection

We purposefully selected a case that provides an early example
of human-AI collaborative problem-space exploration in software
startups, directly aligning with our study objectives. The selected
case is a young software venture that developed a systematic ap-
proach for exploring the problem-space of their startup idea, largely
relying on human-AlI collaboration with currently available tools.
The second author is a co-founder of this venture, which further mo-
tivated the case selection and provided privileged access to process
artefacts and participants.

3.2 Data Collection

We collected data from multiple sources. We conducted both a
1.5-hour interview with one co-founder and a longer 2.5-hour par-
ticipant observation session with both founders, during which we
examined how they used generative Al to explore the problem-
space and asked follow-up questions. In addition, we examined
documents and artefacts produced by the founders, including prod-
uct requirement documents and other materials developed during
problem-solution fit, as well as their conversations with LLM chat-
bots.

3.3 Data Analysis

The first author, who was not part of the startup team, themati-
cally analysed the interview and observation transcripts to map
the team’s problem-exploration process. The findings were then
triangulated with observed behaviour during the session to com-
pare perceived and actual uses of Al Next, the startup’s approach
was assessed against problem-solution fit best practices to identify
the potential and limitations of Al use in this phase. Finally, the
second author reviewed the findings for factual accuracy but did
not contribute to interpretation.

4 Results

4.1 Case Description

The selected case is an early-stage software startup based in Italy,

founded by two developers with software-development backgrounds.
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One founder works professionally as a software developer, while the
other is completing a degree in business informatics, bringing both
technical and business-oriented perspectives to the venture. The
startup operates informally, with no external funding or dedicated
working space.

In the past, the founders have explored various ideas for soft-
ware products during their short history, allowing the systematic
problem-exploration approach to emerge and be refined across it-
erations. To date, they have focused on three products spanning
different contexts and targeting different user groups:

(1) Product A: A financial and fiscal document management
platform for independent professionals and micro-businesses
in Italy, originating from the founders’ own needs and sub-
sequently repurposed as a commercial SaaS product.

(2) Product B: A workforce time-tracking application target-
ing small businesses, developed as a SaaS product.

(3) Product C: A vehicle maintenance tracking application
with integrated Al capabilities, targeting automotive en-
thusiasts who currently rely on informal record-keeping
methods. The concept was at an ideation stage, with no
prior validation at the time of observation.

Given their circumstances, the team operates under significant
time constraints and they primarily work during late evening hours
on their projects.

4.2 Human-AI Collab in Problem Exploration

Drawing on the observational study and triangulating it with the
earlier interview in which one founder outlined the workflow, we
derived the following high-level process for human-ATI collabora-
tion in problem exploration:

(1) Identify assumptions: The process starts with the two
founders collaboratively creating a Markdown file that cap-
tures all of their ideas and assumptions about the project,
without any help of AL They do this at the very beginning
to stay focused and avoid Al biasing their initial framing.
The final file typically includes the problems their idea aims
to solve and how much they believe these problems matter.
It may also include potential customer segments and gen-
eral information about them. One founder describes this:
“We always start from our own assumptions, our own idea of
what we thought is okay to build.” After the Markdown file
is developed, they ask GenAlI to reformulate and restruc-
ture the document into a list of testable hypotheses, also
improving terminology used.

(2) AI-augmented research: Once the assumptions document
is complete, the team collaborates with Al to validate their
hypotheses. Specifically, they provide their final Markdown
file to Perplexity® and run a deep research query, asking
the model to gather online evidence to assess each assump-
tion. In this step, the Al is explicitly prompted to challenge
assumptions rather than confirm them and to justify each
assessment. One founder described the Al’s role as follows:

Shttps://www.perplexity.ai/
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“The AI manages to analyse and eventually criticise the weak-
nesses and vulnerabilities of the idea, rather than coming up
with its own idea.”

(3) Judgment: Finally, the founders ask the Al to judge whether
the project is worthwhile to continue and examine the AI’s
argumentation to develop their own decision.

From here, the approach diverges across projects and is guided
by the AI’s assessment:

o If the Al supports the idea, the team drafts a product re-
quirements document (again with the help of GenAl), builds
a prototype using Al-driven development, and explores it
through build-measure-learn cycles.

e When the initial Al response is inconclusive or raises new
questions, the founders refine their problem framing us-
ing the insights gained and repeat the analysis to deepen
their understanding of specific ideas or problems. They de-
scribe this process as brainstorming with AL in which they
iteratively refine both their problem understanding and its
underlying assumptions based on Al input, treating each
response as an opportunity to refine their mental framing
of the problem before re-engaging with the model. This
process is further enabled by Perplexity’s Spaces feature,
which provides a shared workspace that preserves context
across sessions.

e When asked what happens if the Al advises against an idea,
one founder stated that this had not occurred in practice;
instead, the Al mostly suggested pivoting, for instance by
exploring specific niches within the proposed idea space
that it considered less targeted.

4.3 Limitations

While the approach above shows an interesting first look into how
problem-space exploration might be performed in collaboration
with Al that need to be addressed:

4.3.1 Confirmation over Exploration. The most concerning limita-
tion is that the process is structured for confirmation rather than
open problem-space exploration. Instead of using Al to surface
unknowns and challenge assumptions, the founders first define
their idea in a structured form and then ask Al to assess whether
that framing is plausible. As one founder put it, they “ask the LLM
basically if there is the need or if there are people that might be inter-
ested.” In other words, the central goal shifted from uncovering true
customer needs to checking whether their initial idea is correct.
Notably, the founders reported trying open-ended Al ideation but
rejecting it because it produced too much divergence: “we prefer to
start with the concrete assumption from our own experience and idea...
when you ask for assumptions with a not well-structured prompt it
comes out with information that are from different fields and different
situations that most of the time are totally out of context.” As a result,
the approach is deliberately designed to narrow the problem space
based on a pre-formed idea, not to open it up for new insights.
This also explains why even explicit requests for critique failed to
reopen exploration. During the ethnographic session, for instance,
one founder instructed Al to criticise their thinking so that it would
not be “biased [...] on what we tell it.” Yet Al rarely challenged the
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underlying idea and instead suggested nearby pivots or incremen-
tal refinements. This outcome was likely a direct consequence of
process design: by providing Al with a structured framing upfront,
the founders had already set the boundaries within which AI could
respond, making it difficult for the model to move beyond that
frame.

4.3.2  Overreliance on Secondary Data. This bias toward confirma-
tion is further reinforced by an overreliance on secondary data
in place of primary research. Because the founders typically post-
pone direct conversations with customers until later stages and
rely mainly on information available online, they are much less
likely to encounter genuinely surprising insights, as is often the
case in primary research. As a result, genuinely new observations
rarely surface, few hypotheses are fundamentally contradicted, and
reframing remains anchored to what is already available online.

According to one of the founders, secondary data is viewed as a
viable substitute for direct customer interaction in the early stages:
“we prefer to talk with the niche so we talk with the niche with the
articles, the information... all the information that you found around
those applications that you want to build, and we come up to our own
idea.” The founders also argue that practical constraints reinforce
this reliance on secondary data. When asked “why don’t you ever
Just go to people and talk to them about this?” the founder responded:
“we are both employees, I'm also a student... we discuss with LLM
because it is easier — people are not available at night.”

Therefore, Steve Blank’s “get out of the building” principle [3],
which emphasizes primary research as a necessary component,
should not be neglected even as new tools emerge. Only by talking
to people and understanding their actual needs are we able to
uncover problems truly worth solving.

4.3.3 Building as a Response. As a result of the limitations above,
the problem-space is typically closed down prematurely, leading
to them building solutions even before a genuine customer need is
discovered. While building may serve as a learning tool that allows
for quick validation, it only does so when the underlying problem is
meaningful and well understood. In the context of these founders,
the logic runs closer to “build it and they will come”, as one founder
argues: “if you build something that you want and you are still part
of a niche, there will be people that want it. It is a product that attracts
people; not the people that attract the product.”

While the tendency to build before validating has always been
a known pitfall, agentic coding tools appear to amplify it. As one
founder put it, “an MVP instead of taking six or eight weeks now
takes maybe one week.” This removes the friction that once sepa-
rated an unvalidated idea from a functional product and, in doing
so, can prematurely lock founders’ mental models into a specific
solution space before the problem is genuinely understood, making
it increasingly difficult to fundamentally revise the core idea or
pivot toward a better-aligned solution.

4.4 Potentials

While these limitations are concering, we can also identify several
possibilities of Al in exploring the problem-space.

4.4.1  Rapid Competitor Discovery. The case shows that Al can be
used to rapidly scan the market for competitors through capabilities

Planétscher and Druda

such as deep research. By describing their idea in detail, as the
founders did with their Markdown file, Al was able to search the
internet for similar products and uncover potential competitors
early. As a result, the founders were able to quickly understand the
market context of their idea. As one founder noted: ‘T wouldn’t have
found it, probably, with my own search.”

Beyond this, Al can also understand how similar products are
positioned on the market and where potential market gaps are.
With this, AT helped them position their products better in the
market, highlighting for which kind of target customer no specific
product was yet available. After running a competitor analysis
through Perplexity, the founders noted that the AI output identified
specific underserved segments, such as motorcycle owners and
users who own multiple vehicles, which were not present in any
existing solution.

4.4.2  Realistic Personas. Another interesting use case of Al ob-
served during this study was the development of realistic customer
personas. Using large chunks of publicly available information,
such as online conversations on platforms like Reddit, Al was able
to quickly surface the opinions and unmet needs of different people,
and propose distinct personas with their respective user journeys.
This provided an initial overview of who potential target customers
might be, without requiring weeks of prior fieldwork.

In addition to identifying personas, this approach helped the
founders understand the specific workflows customers perform
regularly and the friction points within them. By creating repre-
sentations of their target customers that were both realistic and
accessible, it became easier to identify concrete problems those
customers might face, allowing them to refine their problem-space
understanding.

In its current form, however, the technique remains limited be-
cause the generated representations rely only on secondary data and
are therefore less likely to surface entirely new insights. To address
this issue, future work should explore applying the same technique
to primary research outputs, such as interview transcripts or field
notes from observational studies, alongside secondary sources.

4.4.3 Rapid Prototype Development. Although early solution-space
development may have negative consequences, building tangible
solutions can become a powerful learning tool once the problem
is sufficiently understood. With the introduction of agentic coding
tools, this process has become faster than ever, compressing the
time between an idea and a working prototype. As a result, known
customer problems can be understood more deeply, refining both
problem-space and solution-space understanding through faster
iteration.

5 Discussion

The findings above demonstrate both notable limitations and signif-
icant potential for human-AI collaboration in problem exploration.
While using Al in problem exploration might lead to a bias toward
confirming assumptions, overreliance on secondary data, and a fail-
ure to sufficiently open up the problem-space, it also shows clear
strengths: the ability to synthesise large volumes of information
rapidly and to accelerate early prototyping. This suggests that Al
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is not inherently unsuited to this process, but rather that the way
it is applied requires refinement.

We use these observations as the basis for refining the technique
into a process more closely aligned with well-established startup
practices. Specifically, we propose a highly iterative, hypothesis-
driven approach that builds on methods such as the Build-Measure-
Learn (BML) loop from the Lean Startup [12] and continuous ex-
perimentation techniques such as the RIGHT model [6].

As a result, we propose the following approach for human-AI
collaborative problem exploration:

(1) Build: Surface underlying assumptions and formulate ex-
plicit hypotheses about the problem-space, as the two founders
are already doing.

(2) Measure: Conduct Al-collaborative research in a more
open-ended way to test and expand these hypotheses, draw-
ing on both secondary data and primary research meth-
ods such as interviews. This mitigates overreliance on sec-
ondary sources and keeps the process open to new insights.

(3) Learn: Synthesize findings in collaboration with Al to re-
fine understanding of the problem-space and derive new
directions for future learning. These directions then inform
a new round of hypotheses, starting the next cycle.

The process is illustrated in Figure 1. Reframing the process through
this lens preserves the strengths of Al in synthesising large volumes
of information, while guarding against the closed-mindedness that
characterised the observed approach.

/\
Build

Surface hypotheses

N\

Measure
Al-collaborative research
Learn /
Synthesize & refine

Figure 1: Build-Measure-Learn Loop [12] Adapted for
Human-AI Collaborative Problem Exploration.

Once the problem-space is sufficiently understood and a mean-
ingful problem has been identified, tangible prototypes can be used
to further explore the problem-space and deepen understanding
of the problem the team is trying to solve. At this stage, the tradi-
tional Build-Measure-Learn loop takes over, continuing to shape
problem-space understanding through iterative learning.

6 Threats to Validity

As this is a single-case study, the findings cannot be generalized.
The focus is therefore on documenting a case where human-AlI col-
laboration is already used for problem exploration, and on deriving
lessons for how such a process might be refined.

A related concern is self-report bias, given that both participants
are also the founders of the venture. To address this concern, an
ethnographic observation component was conducted alongside
the interview, even though observation itself may have influenced
behavior. Reassuringly, the observed process aligned closely with
the initial interview. Since the projects are at early stages, no claims
are made about the effectiveness of the approach; the goal is to

EASE 2026, 9-12 June, 2026, Glasgow, Scotland, United Kingdom

understand how it is currently practiced in one case, and to surface
potential improvements.

Finally, although the second author is a member of the studied
team, their involvement was limited to verifying factual accuracy.
They played no role in interpreting the data or deriving conclusions.

7 Conclusions

In conclusion, this paper shows that human-AI collaboration can
support problem-space exploration in software projects, but it
must be done with care. While it accelerates the synthesis of large
amounts of data and enables faster prototyping, it might also nar-
row the problem-space too early and reinforce assumptions when
primary research is lacking. To counteract these issues, this paper
proposes refining the process toward hypothesis-driven develop-
ment approaches, where the problem-space is explored through
more open primary research while still leveraging Al to capture
information and learn from insights.

This research has implications for both practitioners and re-
searchers. For practitioners, we present an approach to problem-
space exploration that leverages human-AI collaboration to synthe-
sise large volumes of data while mitigating the identified limitations.
For researchers, we highlight concrete avenues for future work:
refining the proposed model, developing human-AI collaborative
tooling that supports open-ended exploration, and evaluating the
approach across a broader range of ventures and contexts.
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