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Abstract: Startups face substantial innovation challenges rooted in resource 
constraints, limited customer data, and time pressure. Design Thinking (DT) 

offers a structured, human-centered response to these challenges, with further 
potential to enhance its effectiveness through the integration of analytical and 

creative capacity. This paper investigates how Artificial Intelligence (AI) can be 
systematically integrated into the DT process to increase innovation efficiency 

in startup contexts. Drawing on a qualitative, inductive study combining a 
narrative literature review with semi-structured interviews with startup founders 
and DT/AI experts, we develop an empirically grounded framework that maps 
nine specific AI applications across the three core DT stages of empathizing, 

ideating, and prototyping. The framework differentiates between AI as 

augmentation and automation and identifies two critical boundary conditions: 
data quality and the preservation of human empathy and creativity. Our findings 
contribute a novel framework to the emerging literature on AI-enabled 

innovation management in startups. 

Keywords: Artificial Intelligence; Design Thinking; Startups; Innovation 

Efficiency; Framework; Human-AI Collaboration. 

 

1 The Case for AI-Augmented Innovation 

Startups are widely recognized as key drivers of economic growth and technological 

innovation. Yet they operate under conditions that fundamentally differ from those of 
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established firms: constrained budgets, limited market presence, and insufficient customer 

data restrict their capacity to invest in technology, scale operations, and engage in 

systematic R&D (McElheran et al. 2023; Madrid-Guijarro et al., 2009). At the same time, 

innovativeness is critical to startup survival, with highly innovative startups significantly 

outperforming their less innovative peers (Aminova & Marchi, 2021; Arcuri et al., 2024).  

Design Thinking (DT) has emerged as a structured, human-centered approach that helps 

organizations navigate these innovation challenges. Its iterative and user-centric logic 

enables startups to develop solutions that respond to real market needs, even under 

conditions of uncertainty and resource constraints (Brown, 2008; Sheppard et al., 2018). 

At the same time, Artificial Intelligence (AI) is rapidly reshaping how innovation processes 

are designed and executed. While AI adoption has accelerated significantly in recent years, 

it remains unevenly distributed: by 2023, 30.4% of large enterprises had integrated AI into 

their operations compared to only 6.4% of small firms (Eurostat, 2024). This disparity 

points to a significant and largely unexplored opportunity for startups to leverage AI in 

overcoming resource constraints in innovation processes. 

Despite growing interest in both DT and AI, their intersection in startup contexts remains 

under-researched. Existing research either examines AI in innovation processes without 

accounting for the specific constraints of startups or focuses on DT in startup environments 

without incorporating AI. As Cai et al. (2023) note, investigating how digital technologies 

can be embedded in DT represents an essential and open research direction.  

This paper addresses this gap by developing an empirically grounded framework that 

systematically integrates AI into the DT process in startup contexts. Drawing on a 

qualitative, inductive research design combining a narrative literature review with semi-

structured interviews, the framework maps nine specific AI applications across the three 

core DT stages of empathizing, ideating, and prototyping. It further distinguishes between 

augmentation and automation as two modes of AI deployment and identifies two critical 

boundary conditions – data quality and the preservation of human empathy and creativity 

– that determine whether AI enhances or undermines innovation outcomes. 

By doing so, the paper makes two contributions: First, it provides a structured and 

operationalizable framework that specifies where and how AI can be integrated into DT 

processes in resource-constraint startup environments. Second, it extends research on 

human-AI collaboration by highlighting the organizational and team-level implications of 

AI integration, particularly the risk that over-reliance on AI may erode team ownership, 

intrinsic motivation, and cohesion in early-stage innovation processes. 

Against this background, the study is guided by the following research question: How can 

DT practices within startups be optimized by implementing AI? 

2 Building Blocks: Design Thinking, Startup Constraints & AI Capabilities 

Design Thinking (DT) is a structured, human-centered approach to innovation that 

prioritizes deep user understanding, iterative experimentation, and cross-functional 

collaboration. Rooted in Simon's (1969) conception of design as a cognitive, problem-

solving discipline, DT has been defined by Brown (2008, p. 2) as a methodology that drives 

innovation through a thorough understanding of user needs. In practice, DT is represented 



 

 

through various process models, including Brown's (2008) three-phase inspiration-

ideation-implementation cycle, the Design Council's Double Diamond and Plattner et al.'s 

(2011) divergent-convergent framework. We follow Loderer's (2023) consolidation of 

models into three core stages: (1) empathizing and recognition of user needs, (2) collecting 

and generating ideas, and (3) prototyping and testing of ideas. Across these stages, DT is 

guided by four key principles: human-centeredness, multidisciplinary teamwork, iterative 

procedure, and the cultivation of a creative environment (Sreenivasan & Suresh, 2024). 

For startups, DT offers a particularly compelling fit. Startups are characterized by high 

innovation potential, rapid scaling ambitions, and conditions of extreme uncertainty (Ries, 

2011; Olek, 2023). Their agility enables fast prototyping and iteration, yet structural 

constraints limit the effectiveness of their innovation processes. Data analytics remains 

underutilized in early-stage ventures due to limited data volume and a lack of analytical 

expertise (Berg et al., 2018), while financial constraints restrict investments in R&D and 

skilled personnel (McElheran et al. 2023). At the same time, difficulties in obtaining deep 

customer insights hinders informed decision-making throughout the innovation process 

(Berg et al., 2018). These constraints create a clear tension: startups have a strong incentive 

to innovate systematically but lack the resources to do so at scale. 

AI technologies offer a promising path to resolving this tension. Three technology clusters 

are of particular relevance in this context. Machine Learning (ML) enables systems to 

identify patterns in large datasets and generate predictions with minimal human 

intervention. Natural Language Processing (NLP) and especially Large Language Models 

(LLMs) such as GPT enable machines to understand, generate, and analyze human 

language at scale, opening up capabilities from automated sentiment analysis to generative 

ideation (Saleh et al., 2025). Computer vision extends these capabilities into the visual 

domain, supporting image-based user research and automated prototype evaluation.  

Crucially, AI can be deployed in two distinct modes: automation, where tasks are fully 

delegated to the machine, and augmentation, where AI enhances human capabilities 

without replacing them (Davenport & Kirby, 2016). As Füller et al. (2024) note, 

organizations must balance both modes deliberately, ensuring that AI complements rather 

than constrains human ingenuity in innovation processes. Research by Johnson et al. (2022) 

confirms that augmentation currently dominates AI use in R&D contexts, with 55% of 

applications designed to support human decision-making rather than substitute it. 

Despite growing interest in both DT and AI, empirically grounded frameworks that 

operationalize their integration specifically for startups remain absent from the literature. 

Existing studies either address AI in innovation processes broadly without accounting for 

the resource constraints of startups or focus on DT in startup contexts without incorporating 

AI. As Cai et al. (2023, p. 16) note, investigating how digital technologies can be embedded 

in DT represents an essential and open research direction. This paper directly responds to 

this gap by developing a structured framework for AI integration in startups’ DT processes. 

3 Methodology 

This study adopts a qualitative, inductive research design, deemed suitable to exploring the 

underexamined intersection of AI, Design Thinking, and startup innovation and enabling 

the development of a contextually grounded framework (Saunders et al., 2019).  
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The research proceeded in two phases. First, a narrative literature review was conducted to 

map the current state of knowledge on DT, AI technologies, and startup innovation. 

Following Baumeister and Leary (1997), sources were selected based on their relevance to 

the research questions and their contribution to identifying key themes and gaps. This 

resulted in a preliminary framework that guided the empirical phase. 

In the second phase, six semi-structured interviews were conducted with purposefully 

selected participants: four startup founders and two domain experts in DT and AI, capturing 

both practical and expert perspectives. Semi-structured interviews allowed for flexible 

exploration while maintaining thematic consistency allowing the interview guide to adapt 

to the specific context and experience of each participant while maintaining thematic 

coherence across conversations (Saunders et al., 2019; Patton, 2015). The interview guides 

were tailored to the respective roles of participants. Anonymity was preserved throughout. 

The sample follows a purposive sampling strategy prioritizing information richness over 

statistical representativeness, as common in qualitative research (Patton, 2015).  

Interview data was transcribed and analyzed using reflexive thematic analysis, following 

the six-phase framework developed by Braun and Clarke (2006) and further refined in their 

more recent methodological work (Braun & Clarke, 2024). The analysis moved from initial 

familiarization to systematic coding and theme development. Codes were organized along 

three analytical dimensions derived from the preliminary framework: (1) whether insights 

related to the problem space or solution space of each DT stage, (2) whether they reflected 

obstacles or potentials of AI integration, and (3) whether AI was deployed in augmentation 

or automation mode. This structured coding approach enabled a systematic refinement of 

the preliminary framework into the final AI-enabled DT framework. 

4 An AI-Enabled Design Thinking Framework 

The framework presented in this section integrates findings from the narrative literature 

review with insights derived from the qualitative interview study. The literature review 

provided an initial structure by identifying core DT stages and relevant AI capabilities in 

innovation processes, resulting in a preliminary mapping of AI applications. This structure 

was subsequently refined through interview insights, which provided concrete examples of 

AI use, highlighted practical limitations, and revealed how AI is deployed in real startup 

contexts.  

Through the thematic analysis, AI applications were systematically consolidated along 

three dimensions: their position within the DT process, their functional role, and their mode 

of deployment, i.e., augmentation or automation. This iterative process resulted in the 

identification of nine distinct AI applications across the three core DT stages, while also 

revealing two overarching conditions shaping the effectiveness of AI integration across all 

stages: data quality and the preservation of human-centeredness. 

The resulting framework maps these applications across the stages of empathizing, 

ideating, and prototyping, and specifies for each application whether it is primarily 

deployed in an automated or augmented mode, as well as its key benefits and associated 

risks. Table 1 provides a condensed overview. 

 



 

 

Table  1  Framework of AI in the Design Thinking Process for Startups 

Stage Goal of the 

Stage 

AI Application Mode Benefits / 

Opportunities 

Downsides / Risks 

Stage 1 

Empathizing & 

Recognition of 

User Needs 

Build deep 

understanding 

of users and 

problem space; 

synthesize and 

define a 

specific 

problem. 

Data Clustering Augmented Structures large 

volumes of consumer 

and feedback data; 

scopes problem space 

precisely; expands 

informational base 

beyond human 

analytical capacity. 

No guarantee of 

data 

representativeness 

or authenticity 

(e.g. faked 

reviews, 

insufficient sample 

sizes). 

Sentiment 

Analysis 

Automated Gains deep insights 

into user attitudes; 

predicts customer 

satisfaction; analyzes 

brand perception; 

anticipates market 

trends to inform 

strategic decisions. 

Risk of limited 

access to relevant 

or sufficiently 

representative 

data. 

Questionnaire 

& Interview 

Template 

Creation 

Augmented Generates bias-

minimized, 

contextually adapted 

research instruments; 

improves question 

clarity and neutrality; 

increases respondent 

satisfaction. 

No direct risks 

identified; quality 

depends on 

specificity of 

human input. 

Quantitative 

Persona 

Creation (QPC) 

Augmented Produces statistically 

representative, 

replicable user 

archetypes from large 

datasets; supports data-

driven decision-

making at scale. 

Risk of data-

caused bias and 

overgeneralization; 

minority groups 

and behavioral 

outliers may be 

overlooked. 

Stage 2 

Collecting & 

Generating of 

Ideas 

Generate a 

broad range of 

creative ideas; 

explore the 

solution space. 

AI-based 

Ideation 

Automated Continuous idea flow 

without social 

inhibition; stimulates 

creativity with novel 

inputs; broadens 

solution space; reduces 

cognitive load; 

maintains 

brainstorming 

momentum. 

Risk of limiting 

depth of creative 

thinking; reduced 

team ownership of 

ideas; potential 

erosion of intrinsic 

motivation and 

team cohesion. 

Computational 

Co-Creation 

Augmented Enables structured 

human-AI turn-taking; 

generates wider array 

of ideas; accelerates 

iterations; expands the 

design solution space 

explored. 

Human biases may 

lead to 

undervaluing AI-

generated ideas 

due to non-human 

communication 

style. 

AI as 

Information & 

Fact-Checking 

Source 

Augmented Convenient, real-time 

retrieval of domain 

knowledge; supports 

and accelerates 

creative sessions 

No direct risks 

identified; 

checking for 

hallucination and 

false sources 
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without substituting 

human judgment. 

should generally 

be done. 

Challenging of 

Ideas 

Augmented Prompts critical 

reflection through 

targeted questions; 

identifies blind spots 

without supplying 

replacement solutions; 

preserves human 

creative ownership. 

No direct risks 

identified. 

Stage 3 

Prototyping & 

Testing of 

Ideas 

Transform 

ideas into 

tangible, 

testable 

prototypes; 

gather feedback 

to refine 

concepts. 

Prototyping & 

Visualization 

Automated Rapid transformation 

of sketches or text into 

functional prototypes 

without design 

expertise; significant 

time savings; 

democratizes 

prototyping for small 

teams. 

AI-generated 

outputs frequently 

inferior to human-

made designs; 

limited usefulness 

for complex 

interaction flows. 

Future Scenario 

Generation 

Automated Provides data-

grounded foresight; 

simulates strategic 

outcomes; supports 

future-oriented 

decision-making under 

uncertainty. 

Speculative nature 

of futures 

thinking; risk of 

overlooking 

human intuition 

and non-

quantifiable 

variables. 

AI-based 

Testing 

Augmented Enables simulated user 

feedback via AI 

personas before real-

user tests; narrows 

concept directions 

early; reduces iteration 

costs. 

AI-based synthetic 

users cannot 

replicate real user 

interaction 

behavior, 

especially in app-

based testing 

contexts. 

Source: Authors 

 

The distinction between augmentation and automation carries significant managerial 

weight. Automated applications delegate tasks fully to AI systems and are particularly 

effective for structured, data-intensive activities such as sentiment analysis or scenario 

generation. Augmented applications, in contrast, position AI as a collaborative enhancer of 

human judgment: the AI contributes inputs, suggestions, or analytical support, while the 

human retains interpretive control and decision-making authority. For startups in 

particular, choosing the appropriate mode is not a technical decision but a strategic one. 

Deploying automation where augmentation is warranted risks eroding the human-centered 

foundation that DT depends on, while under-utilizing automation where it is appropriate 

squanders the efficiency gains that AI uniquely enables for resource-constrained teams. 

 

Stage 1: Empathizing and Recognition of User Needs 

The first stage of the DT process focuses on building a deep understanding of users, their 

needs, and the broader problem space. AI offers several concrete entry points here. Data 



 

 

clustering, powered by NLP and ML algorithms, enables teams to process large volumes 

of consumer behavior and feedback data from diverse sources, identifying patterns and 

structuring the problem space in ways that exceed human analytical capacity (Tschepe, 

2024). This application operates in augmentation mode, expanding the team's 

informational base without replacing human interpretation. Sentiment analysis, by contrast, 

functions as an automated tool: it computationally processes text from social media, 

customer feedback, and news sources to determine user attitudes and predict market trends, 

enabling startups to access customer insights they could not otherwise afford to generate 

at scale (Hartmann et al., 2023). 

Two further AI applications strengthen the empathize. AI-supported questionnaire and 

interview template creation uses generative AI to design research instruments that 

minimize bias, improve question clarity, and adapt to specific target groups, thereby 

improving the quality of subsequent human-led user research (Zou et al., 2024). 

Quantitative Persona Creation (QPC) applies algorithmic methods to derive statistically 

representative user archetypes from large datasets, offering a data-driven alternative to 

small-sample qualitative personas that many startups rely on by default (Aoyama, 2005; 

Brickey et al., 2012). Interview participants emphasized the value of these tools for early-

stage user research, while consistently cautioning that data quality and representativeness 

remain critical constraints: AI-generated insights are only as reliable as the underlying data. 

 

Stage 2: Collecting and Generating of Ideas 

At the ideation stage, AI contributes in multiple ways that expand and structure the creative 

process. AI-based ideation uses generative models to produce continuous, uninhibited 

flows of ideas during brainstorming sessions, mitigating social inhibition and production 

blocking in group settings (Bouschery et al., 2024). Research shows that hybrid human-AI 

brainstorming groups generate both more and more creative ideas than purely human teams 

(Bouschery et al., 2024), with LLMs performing particularly well in divergent thinking 

tasks (Joosten et al., 2024). Computational co-creation extends this dynamic through 

structured turn-taking between human and AI agents, enabling teams to explore broader 

design solution spaces and iterate more rapidly (Pescher et al., 2025). 

Additional applications serve more targeted roles. Using AI can function as an information 

and fact-checking source, enabling rapid retrieval of relevant knowledge during creative 

sessions without replacing human judgment. Similarly, AI can be used to challenge ideas 

by prompting critical reflection and identifying blind spots without directly supplying 

alternative solutions. Notably, most applications in this stage operate in augmentation 

mode. Interview participants highlighted this as especially relevant for startups, which are 

prone to echo-chamber thinking in early-stage development. They further suggest human-

led ideation should precede AI involvement, as early reliance on AI risks limiting depth of 

thinking, reducing team ownership of ideas, and weakening intrinsic motivation.  

 

Stage 3: Prototyping and Testing of Ideas 

In the third stage, AI offers some of the most immediate and tangible efficiency. AI-

assisted prototyping and visualization tools transform textual or sketch-based descriptions 

into functional prototypes without requiring design or coding expertise, enabling startup 

teams to rapidly externalize and test ideas that would previously have required specialist 
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skills or outsourcing (Bilgram & Laarmann, 2023). Interview participants reported 

substantial time savings, with tasks previously requiring days of design work completed 

within hours and resulting prototypes receiving positive market feedback.  

AI-based future scenario generation enables startups to simulate potential outcomes of 

concepts using data-driven foresight, supporting decision-making under uncertainty 

(Tschepe, 2024). AI-based testing complements this by allowing teams to gather initial 

simulated user feedback through AI personas before conducting resource-intensive real-

user tests, thereby reducing iteration costs. However, participants also noted limitations: 

AI-generated images and logos often fall short of human quality, and synthetic users cannot 

fully replicate the real user behaviour in app-based testing contexts. 

Across all three stages, a consistent pattern emerges: AI generates the highest value when 

deployed as an accelerator and expander of human cognitive capacity, rather than as a 

replacement for it. The distinction between augmentation and automation is therefore not 

merely technical but managerial, and its effective application depends on the nature and 

sensitivity of the task. 

5 Critical Boundary Conditions Identified 

The framework presented in the previous section maps where AI can accelerate and 

augment the DT process for startups. As introduced earlier, the effectiveness of AI 

integration is not unconditional. The findings reveal two boundary conditions that 

consistently emerge from both the literature and the interview data as decisive for whether 

AI deployment in DT generates value or undermines it: the preservation of empathy and 

human-centeredness, and the quality of data on which AI applications rely. 

 

Preservation of Empathy and Human-Centeredness 

Design Thinking is, at its core, a human-centered discipline. Empathy is not merely one of 

its principles but its animating logic: without a deep, lived understanding of user needs, 

neither the problem definition nor the solution space can be reliably grounded (Brown, 

2008; Liedtka, 2014). The interview findings underscore this with particular force. 

Participants consistently emphasized that AI cannot substitute for direct human interaction 

in the empathize stage, viewing AI-generated personas as a useful supplement rather than 

a replacement for real user encounters. This scepticism toward full AI substitution in 

empathy-building tasks is not merely a preference but reflects DT’s methodological 

commitment to human insight. 

A dimension that the existing literature largely overlooks, but that emerged prominently 

from the interviews, concerns the internal consequences of over-relying on AI in the 

ideation stage. When teams delegate idea generation too extensively to AI, they risk losing 

ownership of and identification with the resulting concepts. As one expert participant 

noted, this erosion of intrinsic motivation can weaken team cohesion precisely when startup 

teams need to be most unified behind their vision. Given that team disintegration ranks 

among the most cited causes of startup failure (Olek, 2023), this risk carries direct strategic 

weight. The implication is clear: AI should enter the ideation process after humans have 

already invested in developing and internalizing the problem space, not before. 



 

 

More broadly, participants framed AI's role across all stages as that of a sparring partner 

or co-pilot, never as the primary driver of creative or empathic work. This positioning 

aligns with the augmentation paradigm described by Füller et al. (2024): the goal is to keep 

human judgment and emotional engagement at the center, while AI expands the 

informational and generative capacity of the team. 

 

Data Quality 

The second critical boundary condition concerns the quality of data on which AI 

applications depend. Across the empathize and ideation stages in particular, the value of 

AI outputs is directly contingent on the representativeness, authenticity, and relevance of 

the data fed into the system. Interview participants raised specific concerns about the 

reliability of social media data, the risk of AI-generated reviews corrupting training inputs, 

and the danger that small or unrepresentative datasets produce personas and sentiment 

analyses that do not reflect actual user populations (Berg et al., 2018). These are not 

theoretical concerns but practical constraints that startups, with their typically limited 

early-stage data volumes, face acutely. 

The literature highlights an additional dimension that practitioners did not raise directly: 

the ethical risk of data-caused bias. When AI systems trained on non-representative data 

are used to define user needs or segment target groups, minority perspectives and 

behavioral outliers may be systematically excluded (Ray, 2023). For startups developing 

products for diverse user populations, this exclusion carries both ethical and commercial 

consequences. The combined view from interviews and literature thus suggests a clear 

operating principle: AI-generated insights in the DT process should be treated as 

hypotheses to be validated through human-led research, not as conclusions to be acted upon 

directly. 

Together, these two boundary conditions define the governance layer that must accompany 

any framework for AI integration in DT. Technical capability alone does not determine the 

value of AI in innovation processes; it is the conditions under which that capability is 

deployed that ultimately determine whether AI accelerates innovation or distorts it.  

6 Discussion and Implications 

Theoretical Contribution 

This paper addresses a clearly identified gap at the intersection of three fields that have 

each received substantial scholarly attention individually – AI, Design Thinking, and 

startup innovation – by developing an empirically grounded framework for integrating AI 

into the DT process in resource-constrained startup contexts. The findings extend prior 

work on human-AI collaboration by introducing a team cohesion dimension. While 

research exists on AI in general innovation management (Füller et al., 2024; Tekic & 

Füller, 2023) and on DT as a methodology for human-centered problem-solving 

(Sreenivasan & Suresh, 2024; Cai et al., 2023), no prior work has provided an empirically 

grounded framework that operationalizes AI integration specifically within the DT process 

of resource-constrained startups. 



 
This paper was presented at the XXXVII ISPIM Innovation Conference, held in Granada, Spain on 

07 June to 10 June 2026. ISBN 978-952-65771-2-8. 
 

10 
 
 

Specifically, the paper contributes (1) an empirically grounded framework that maps AI 

applications across DT stages, (2) the identification of boundary conditions that shape the 

effectiveness of AI integration, and (3) insights into the team-level implications of AI use 

in early-stage innovation processes. 

Beyond closing the gap, the study contributes a further theoretical insight that is absent 

from the existing literature: the internal team dimension of AI integration in DT. The 

finding that over-reliance on AI in ideation can erode team ownership, reduce intrinsic 

motivation, and ultimately threaten startup team cohesion adds a human-organizational 

perspective to a discourse that has largely focused on efficiency and output quality. This 

finding reframes AI integration not only as a process design challenge but as a leadership 

and team management challenge for startup founders. 

The augmentation-automation distinction embedded in the framework also constitutes a 

theoretical contribution. Rather than treating AI as a uniform capability, the framework 

systematically differentiates between applications that enhance human judgment and those 

that replace specific task outputs entirely. This granular mapping provides a conceptual 

tool for researchers studying human-AI collaboration in creative and innovation contexts 

more broadly. 

 

Practical Implications 

For startup founders and innovation managers, the framework offers concrete, stage-

specific guidance for embedding AI into DT workflows. In the empathize stage, AI tools 

for data clustering, sentiment analysis, and quantitative persona creation can dramatically 

reduce the time and expertise required to generate user insights, directly addressing the 

resource constraints that limit startup innovation capacity. In the ideation stage, AI is most 

valuably deployed as a challenging and fact-checking partner, deployed after initial human 

ideation rather than before it, to preserve team ownership and creative depth. In the 

prototyping and testing stage, generative AI tools offer the most immediate 

democratization effect, enabling startup teams without design expertise to rapidly 

externalize and test concepts at a fraction of traditional costs. 

For corporate entrepreneurship units and innovation managers in larger organizations 

working with or alongside startups, the framework provides a transferable reference for 

structuring AI-enabled innovation processes that maintain human-centered principles 

under operational pressure. 

 

Limitations and Future Research 

This study has three principal limitations that future research should address. First, the 

study is based on a small, purposefully selected sample, which limits the generalizability 

of the findings. Larger-scale quantitative studies or comparative case research across 

startup sectors and geographies would strengthen the empirical foundation of the 

framework. Second, the framework has not yet been empirically tested in real-world startup 

settings. Implementation studies using key performance indicators or controlled design 

sprint observations would provide the validation necessary to assess its practical 

effectiveness and identify refinements. Third, the study does not address the organizational 

capabilities, technological infrastructure, or founder competencies required for successful 



 

 

AI integration. Future research into these prerequisites would complement the framework 

and give startups more complete guidance on building toward AI-enabled DT practice. 
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