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Abstract

In today’s fast-moving digital economy, service start-ups are reshaping industries; however,
they face intense uncertainty, limited resources, and fierce competition. This study intro-
duces an Artificial Intelligence (AI)-powered process modeling framework designed to
give these ventures a competitive edge by combining big data analytics, machine learning,
and Business Process Model and Notation (BPMN). While past models often overlook
the dynamic, human-centered nature of service businesses, this research fills that gap by
integrating AI-Driven Ideation, AI-Augmented Content, and AI-Enabled Personalization
to fuel innovation, agility, and customer-centricity. Expert insights, gathered through a two-
stage fuzzy Delphi method and validated using DEMATEL, reveal how AI can transform
start-up processes by offering real-time feedback, predictive risk management, and smart
customization. This model does more than optimize operations; it empowers start-ups to
thrive in volatile, data-rich environments, improving strategic decision-making and even
health and safety governance. By blending cutting-edge AI tools with process innovation,
this research contributes a fresh, scalable framework for digital-age entrepreneurship. It
opens exciting new pathways for start-up founders, investors, and policymakers looking to
harness AI’s full potential in transforming how new ventures operate, compete, and grow.

Keywords: artificial intelligence; start-ups; big data analytics; business process modeling;
BPMN; predictive analytics; service innovation; entrepreneurial decision-making

1. Introduction
Entrepreneurship is broadly defined as “any effort made by individuals to start a

business and self-employment” [1]. Over the past decade, scholarly attention at the inter-
section of entrepreneurship and start-up dynamics has increased significantly [2,3]. Gaio
et al. [2] characterize a start-up as a human-centered institution committed to delivering
novel services, considering high uncertainty with both its innovative potential and inherent
vulnerability.

In light of the increasing levels of complexity and ambiguity faced by service start-
ups, this research contributes a framework for visualizing processes via AI. The modeling
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framework employs various methods of big data analysis and machine learning in strate-
gic and operational decision-making within this context. The proposed AI-supported
framework employs other AI methods, namely natural language processing (NLP) and
predictive analytics, which are supposed to enhance operational agility and the governance
of strategic decision-making (an element that may make agile start-ups more successful),
including health and safety in services-based ventures. In services, entrepreneurship is
often perceived more as stand-alone businesses that operate outside established organiza-
tional structures. AI-Driven Ideation helps service start-ups rapidly brainstorm through
sentiment analysis with natural language processing. AI-Augmented Content helps service
start-ups engage in machine learning to pull out insights based on customer feedback
and operations data, and AI-Enabled Personalization supports service start-ups in using
predictive analytics to personalize services in-the-minute. Each of these elements can be
included in the BPMN model to signify the iterative, customer-centric nature of operational
decision-making.

Typically, these organizations tend to follow a decentralized approach like franchising
or contracting, which allows them flexibility and makes use of their already available
institutional capabilities [4,5] While they frame up more flexibility, they still entail signifi-
cant strategic and operational challenges. While they have a growing global presence and
importance in the economy, start-ups still have a high failure rate. Entrepreneurs face many
challenges before they identify sustainable innovation, or even good business models [6].
While technical problems and structural mismatch can be considered well-known early-
stage failure types, people problems like team-building, learning for the organization, and
knowledge diffusion are considered under-researched types of failure [7,8]. Ultimately,
although they are unfortunate, entrepreneurial failure can be leveraged for experiential
learning and to promote subsequent opportunity [9].

OECD countries have prioritized start-ups as key contributors to job creation, in-
novation, and long-term economic resilience, and investments in the startup allocation
accounted for nearly 40% of all entrepreneurial funding [10]. The COVID-19 pandemic
created disturbances never seen before, which shone a light on structural weaknesses and
accelerated the conversation around adaptive, tech-enabled approaches. In this context,
researchers have become increasingly focused on reducing failure rates and shortening time-
to-market via data-driven approaches [11], especially those utilizing artificial intelligence
(AI), machine learning, and big data analytics.

Within this evolving landscape, the process-based perspective offers a valuable frame-
work for understanding the progression of start-up activities. Rooted in foundational
process theories [12,13], this approach conceptualizes entrepreneurship as a dynamic,
context-sensitive phenomenon shaped by iterative decision-making and organizational
intent. Seminal models developed by [14–16] have significantly contributed to defining
the stages of entrepreneurial development. Later, Ahmadpour Dariani [17] expanded
upon these frameworks to address the complexities of 21st-century start-up ecosystems.
However, most of these models did not fully incorporate emerging technologies, such as
blockchain, AI, and real-time data streams that are now central to modern entrepreneurial
practice [18].

Addressing this gap, the present study proposes an AI-augmented process model
specifically designed for service-oriented start-ups. Developed through a qualitative
methodology grounded in subjectivist epistemology, the model leverages large-scale, un-
structured data and integrates insights from big data analytics and machine learning.
Expert consensus was achieved using a two-round fuzzy Delphi method, while causal
relationships among model components were analyzed through the Decision-Making Trial
and Evaluation Laboratory (DEMATEL) technique.



Electronics 2025, 14, 3240 3 of 26

This model incorporates the nuances of start-up ecosystems, as well as the necessity
for human judgment, learning, and adaptive capability while providing a structured
but flexible framework for entrepreneurship decision-making through the inclusion of
AI tools—including natural language processing for customer sentiment analysis, and
predictive modeling for risk mitigation. The framework also considered worker health and
safety and the resilience of organizations as part of strategic planning, allowing it to be used
as part of the entrepreneurial decision-making framework for sustainable development of
the start-up.

This research contributes to an academic and practical space in developing a scalable
roadmap for intelligent entrepreneurship; the research contributes to academia and the
practical application of a scalable framework to help support the entrepreneurial process
in a digital world. It also provides a pathway for those who wish to undergo further
research and practical applications within varied service sectors operating in conditions
of uncertainty.

2. Literature Review
2.1. Entrepreneurship

Entrepreneurship, derived from the French term entreprenerd, meaning “to under-
take,” has evolved significantly from its early roots, originally referring to organizers
of cultural events, into a globally recognized engine of economic transformation [11,19].
Modern interpretations converge on the idea of entrepreneurs as individuals who initi-
ate, organize, manage, and assume the risks of new ventures, often under conditions of
uncertainty [20]. Ref. [20] discussed distinction between entrepreneurs and managers
emphasized the central role of risk-taking in entrepreneurial activity, a concept that remains
highly relevant today.

Traditionally, entrepreneurship has been viewed as a dynamic process that turns
creative ideas into productive economic and social output. Regardless, in the relatively
short time since the digital age arrived, the nature of entrepreneurship is challenging
to pin down; it connects with unwavering clarity the continuously evolving forces of
artificial intelligence (AI), machine learning (ML), and big data analytics in the broader
entrepreneurial realm. Presently, these innovations are more than platforms for automation;
they are redesigning the process of opportunity discovery, venture development, and
market engagement as part of the entrepreneurial process. The current entrepreneur is
becoming more and more a data-driven decision-maker who is relying on algorithms to
create a competitive advantage, improve operational capacities, and predict market activity
with more accuracy than in the past.

Entrepreneurship is still mainly about innovation, but the processes are now being
mediated considerably by digital intelligence. Entrepreneurs are no longer completely
reliant on intuition or standard market research. They are using predictive analytics, real-
time sentiment analysis, and automated trend forecasting, all of which allow for rapid,
ongoing iterations of emerging business models [21]. AI can provide pattern recognition
across very large datasets, revealing interpretations for product development, marketing
approaches, and risk management. This process not only reduces time-to-market but can
(in many known instances) create more resilient and scalable start-ups.

Entrepreneurship has been defined in the literature as the process of creating some-
thing new and with value through the expenditure of time and resources while dealing with
financial, psychological, and social uncertainty and risk [22]. This definition is useful for
today’s context in a digital world in that entrepreneurs also need to deal with data privacy
risks, algorithmic bias, and ethical considerations surrounding automated decision-making.
The entrepreneurial journey in a digital context demands that the entrepreneur be compe-
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tent in data governance, technological literacy, and AI ethics, including areas of knowledge
upon which sustained innovation in an interconnected world increasingly depends.

Ref. [12] discussed understanding of entrepreneurs as facilitators of the “creative
destruction”, the process that demolishes existing market paradigms to facilitate new
patterns of commerce, has never been more significant. Practicing entrepreneurs continue
to disrupt existing industries, create new markets, and innovate economic systems using
emerging technologies. Entrepreneurs are now digital agents of change using emerging
technologies associated with blockchain, the Internet of Things (IoT), and AI to spur
fundamental system-wide innovation and economic regeneration [12,23,24].

Furthermore, big data has expanded the potential of entrepreneurship to generate eco-
nomic and social value. For example, using unstructured and big datasets, entrepreneurs
can identify unaddressed markets, tailor offerings, and measure impact with incredible
resolution. This kind of ability becomes immense leverage within smart cities and digitally
intense economies, where entrepreneurship can foster resilient local economic capacity,
increase competitive multiplicity (or diversity), and allow for micro-targeted service inno-
vation [25,26].

Entrepreneurship is important for knowledge spillovers and technology diffusion,
both of which can now occur quickly thanks to AI’s ability to learn from diverse, large-scale
sources of data. These spillovers are important for macroeconomic conditions as well as
human developments through new digital jobs, remote entrepreneurship, and access to
education and healthcare services [27,28].

From a social economic standpoint, entrepreneurship is playing a major role in the
flow of government revenues from technology licensing and taxes on the digital commerce
economy, as well as government incentives aimed at innovative businesses [29]. Govern-
ments essentially use the revenues for improving infrastructure, paying for education,
healthcare, and R&D investments, which extends the innovative development cycle [30].

In conclusion, entrepreneurship is now intimately linked with AI and big data, having
transitioned from something focused on an individual to a technology-based system-level
innovation driver for change in society. In this respect, future research and practice should
increasingly take up data-driven approaches to better articulate and inform the emergent
functions of entrepreneurship operating in a digital economy.

2.2. Start-Up

Start-ups have become a global phenomenon, attracting significant attention due
to their potential to drive transformative change, particularly in the field of information
technology (IT). For instance, companies like Google and Facebook, which permeate daily
life today, were small, university-based start-ups at their inception. They rose from students’
dorm rooms and garages to global corporate economic power in a relatively short time;
nowadays, they represent models of success for young, creative entrepreneurs [10,11]. The
various success stories, particularly those from Silicon Valley, have intrigued the public and
also highlighted the economic strategic importance of being able to become a start-up.

Beyond individual success, start-ups have profound economic implications. According
to Schiessl et al. [31], the IT sector has outpaced traditional economic pillars, such as mining,
public services, and agriculture, in driving global innovation and growth. In countries like
the United States, tech-driven start-ups are leading the transition toward a knowledge-
based economy that prioritizes agility, scalability, and innovation over resource dependence.

The creation of business growth centers and incubators in the 1950s marked the
beginning of institutional support for start-ups. These early support programs provided
comprehensive service components such as technical added value, financial robustness,
mentoring, and a place for transforming ideas into viable business concepts. Culturally,
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incubators were national-level entities for the purpose of economic development, related to
the potential of market capitalization and investment in innovative ideas and insight [32,33].
Evidence has determined the relative increase in success rates (lower cost of operation,
greater financial metrics) for start-ups or business ideas enabled and/or nurtured through
the incubator experience [34,35].

Advancing this notion, the mid-2000s saw a new set of start-up support mechanisms in
the form of accelerators. Whereas incubators are often ridden with ambiguity, accelerators
work with a structured timeline and are explicitly defined by five characteristics: (1) com-
petitive selection process, (2) they take an equity stake in exchange for seed investment, (3) a
focus on small, agile teams opposed to individual founders, (4) intensive mentorship and
structured programming, and (5) cohort-based learning [34]. Y Combinator was launched
in 2005, serving as a catalyst for the explosion of similar programs in the U.S. and Europe
at exponential rates. Many accelerators have produced companies of significant value.

Despite the growing ecosystem and heightened political interest, academic research
into start-up development remains relatively underdeveloped [36]. Nonetheless, available
evidence suggests that accelerator programs have a positive impact on entrepreneurial
outcomes, including enhancing learning, expanding networks, and improving venture
quality [5].

Start-ups are increasingly recognized as engines of economic dynamism, challeng-
ing legacy corporations across sectors. High-growth start-ups, often referred to as “en-
trepreneurial ventures,” emphasize scalable and repeatable business models [8]. Unlike
traditional business investments, start-up financing involves high levels of risk and uncer-
tain returns. Venture capitalists, angel investors, and institutions such as business growth
centers typically offer not only financial backing but also strategic support in the form of
mentorship, operational guidance, and market insights [37]. Their selective investment
strategies are designed to mitigate risk and maximize long-term portfolio returns.

Today, entrepreneurial financing extends well beyond personal savings to include
venture capital, angel investment, and structured incubation programs [21]. This multi-
stakeholder approach is reshaping how start-ups access capital and scale their operations,
contributing to a more resilient and innovation-driven economy.

2.3. Start-Ups in the Era of AI and Big Data

Start-ups have transitioned from being relatively young and newly established to
being well developed, now representing a complete ecosystem that provides technical
support, strategic business consulting, financing, and opportunities to access networks [32].
These incubators can contain many different types of undertakings with multiple possible
scales. However, it remains to be seen if entrepreneurs, investors, or governments will focus
on developing start-ups toward industry-shaping businesses or fixing broken, inefficient,
or high-cost businesses. Shortly after the outbreak of COVID-19 and during the pandemic
itself, there was a strong pivot toward innovation and start-ups appearing in many existing
industries, such as healthcare, hospitality, and transportation. Digital convergence gave
consumers and businesses the tools to rapidly and easily adapt to a new circumstance that
otherwise could not exist. As new technologies and business models emerge, there is no
doubt that opportunities for new start-ups will arise, whether for ultimate businesses that
provide new growth or mature organizations providing opportunities. It should also be
understood in this service sector; the future may also lie in using service robots. While
robots are evaluated in hospitals at various levels for efficiency, the analysis of using robots
at various contact points is marked by failure: how many hospital personnel can a robot
successfully replace? It is unrealistic to believe that a new entrepreneur can create a business
that eliminates hospital staff. The focus of this chapter will be on professional activities
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that are now using more innovators, entrepreneurs, and start-ups to solve problems or
explore opportunities. For example, some academic professionals use green economics
or social accountability in their solutions while seeking start-up companies that must
live and die within the basic parameters. Technology has been captivating the attention
of the public, private sector, and investment companies. New technology is considered
an important factor in shaping the future of public relations, large public organizations,
and non-profit organizations along similar lines. From entertainment, news media, or
the use of robots to help solve the impact of pandemic closures or technology use when
auto factories, or other service sector industries, became non-contact or virtual, the use of
technology has had a dramatic social effect. According to Gaio, Clibborn, and Schiessl, there
are few examples of how new businesses have evolved rapidly to favor consumers and
organizations. The remainder of this chapter will address how some of the larger industries
and sectors of the economy in Canada used large applications of technology to initiate or
start new opportunities (within the parameters of public and investment guidelines). These
large industries would comprise oil and gas, retail, healthcare, and transportation, to name
but a few. Despite academic and positive research acknowledging that new technology
brings both positive and negative impacts for organizations across Canada, it remains
an area ripe for future opportunities. This chapter will also identify early adopters of
entrepreneurs and small businesses from outcomes of these organizations across Canada
(public and private), starting another shift to public and non-profit organizations preparing
to use technology to stimulate/start new activities at their own institutions. To hopefully
create some relationships with respect to future research activities, the conclusion will
quickly review some references related to public and non-profit organizations that are
using technology to displace their residual corporate thinking to prepare for change. By
willingly focusing their funding, they can either save public spaces from taxes and service
delivery costs. Most of the social changes noted in this chapter would be an acceptable
outcome for used technology to not “go with the flow or accept status quo” outcomes.

Following on from the foundational work of incubators, start-up accelerators began
to be widely used in the mid-2000s as a more focused, performance-oriented model. The
launch of Y Combinator marked the beginning of a redefined look at start-up develop-
ment with their use of a data-based, cohort-based approach that not only included seed
funding (in exchange for equity), but intensive mentorship hours and structured, short-
time programming. Typically, accelerators have: (1) a highly selective admissions process,
(2) an equity investment relationship, (3) collaborative teams of peers, (4) structured and
time-limited programming, and (5) peer learning through cohorts [34].

An increasing number of accelerators and incubators are beginning to utilize artificial
intelligence (AI) and big data technologies to optimize entrepreneurial success. AI tools are
enabling instant performance statistics, personalized mentoring, and predictive modeling
of prospective start-up feasibility that accounts for customer behavior, market trends, and
engagement with the product. These tools enable investors to manage risk while also
providing entrepreneurs and funding institutions with further strategic options.

Despite approaching more inherent institutional infrastructures, academic research
has only recently considered formalizing evidence toward the study of start-up success in
data-rich contexts [36], as well as the amount of growth that has happened associated with
accelerator-led programs—especially over the course of the past few years and especially
throughout the U.S. and Europe, where both have shown significant potential for programs
to implement learning and enhance the coding of entrepreneurial skills whilst building
supportive extended network ties that cascade to benefit long term sustainable outcomes [5].

Start-ups are increasingly viewed not merely as economic participants but as engines
of digital and data-driven innovation. Unlike traditional businesses, which emphasize
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gradual, linear growth, start-ups pursue scalable, repeatable models designed for rapid
expansion through technology. In this high-risk, high-reward environment, entrepreneurial
investors, including venture capitalists, angel investors, and corporate accelerators, could
play an active role not only in financing but also in shaping the strategic and operational
trajectories of ventures [8].

These investors are adopting AI-driven due diligence practices, using machine learn-
ing algorithms to assess team capabilities, product/market fit, and broader market dy-
namics. Real-time performance monitoring through interactive dashboards enables agile
decision-making and portfolio optimization [37]. As a result, investment strategies are
becoming increasingly data-intensive, allowing for improved risk management and higher
success rates across start-up ecosystems.

In conclusion, today’s start-ups operate within a digitally enhanced entrepreneurial
landscape, where technological fluency, data literacy, and agile execution are as essential
as vision and creativity. The convergence of AI, big data, and entrepreneurial energy is
redefining how businesses are launched, scaled, and sustained, and it is ushering in a new
era of intelligent entrepreneurship.

2.4. Business Processes in the Intelligent Enterprise Era

The concept of “process” has long been recognized as fundamental to organizational
functioning and strategic execution. Merriam-Webster defines a process as a “continuous
and progressive sequence of actions or changes that occur in a relatively predictable
manner to produce a specific outcome” [38]. In both natural and engineered contexts,
processes are structured and intentional sequences of activities designed to achieve defined
results. Within business environments, processes serve as frameworks that integrate people,
technology, and resources to generate value for internal or external stakeholders [39].

In the era of intelligent enterprises, AI-Driven Ideation, AI-Augmented Content, and
AI-enabled personalization play crucial roles in enhancing business process modeling. AI-
Driven Ideation leverages mind mapping and creative insights to generate innovative ideas
for process improvements. AI-Augmented Content enhances Business Process Model and
Notation (BPMN) with insights from large-scale, unstructured data sources. AI-enabled
personalization applies predictive personalization and real-time insights to tailor processes
to customer needs. These AI methodologies, including NLP for real-time analysis of
customer feedback and predictive analytics for early risk identification, provide a structured
yet adaptable guide for entrepreneurial decision-making.

At its core, every business process functions as a transformation mechanism, con-
verting inputs—such as information, labor, capital, and materials- into outputs that meet
organizational or customer needs. As digital technologies increasingly permeate organiza-
tional life, enterprises now design, manage, and optimize these processes using advanced
tools to enhance efficiency, traceability, adaptability, and strategic alignment.

Bitkowsk [40] defines a business process as “a set of actions that an entrepreneur
undertakes to deliver a product or service.” These actions may occur within a single
department or span multiple functional units. Processes that cut across departments are
considered cross-functional. Those delivering outputs to external clients are classified as
primary processes, while those supporting internal operations are categorized as support
processes. This classification allows organizations to prioritize process improvements based
on strategic value and stakeholder impact.

In the last two decades, Business Process Management (BPM) has changed consider-
ably. BPM is no longer just about efficiency and cost savings. It has become a key element
of digital transformation strategies. It offers a complete set of methods for discovering,
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modeling, analyzing, executing, and continuously improving business processes to achieve
agility in complex and dynamic environments [41].

Recent developments have integrated BPM with transformative technologies, notably
artificial intelligence (AI), robotic process automation (RPA), and big data analytics. AI-
enhanced BPM systems now enable organizations to detect inefficiencies, predict bottlenecks,
and autonomously recommend or execute corrective actions. Machine learning algorithms
analyze both historical trends and real-time performance metrics to support continuous
process optimization, thereby improving organizational responsiveness and resilience.

A central pillar of BPM is business process modeling that includes the visual and
analytical representation of workflows and decision pathways. More than a descriptive
tool, process modeling supports strategic foresight by simulating future-state processes,
incorporating stakeholder feedback, and guiding digital transformation [42,43]. These
models serve as blueprints for automation, systems integration, customer experience
design, and cross-functional collaboration.

Among available methodologies, Business Process Model and Notation (BPMN) has
emerged as the global standard for process modeling. Its strength lies in offering a shared
visual language that bridges technical and managerial domains. BPMN’s intuitive yet
rigorous structure makes it accessible to business analysts while remaining technically
robust for IT implementation. As organizations increasingly pursue process digitization
and automation, BPMN has seen widespread global adoption, including in Iran, where
both international and domestically developed Business Process Management Systems
(BPMS) incorporate it for intelligent workflow design.

To inform the development of a robust process model tailored to service-based start-
ups, a systematic review of 22 peer-reviewed studies was conducted. From this analysis,
eight high-impact models, recognized for their empirical grounding and practical appli-
cability, were selected for deeper evaluation (see Table 1). These models were assessed
based on their adaptability to dynamic start-up contexts, scalability, ease of integration
with intelligent systems, and compatibility with AI-driven data inputs.

Table 1. Process model design techniques in research.

Row Writer RAD Flowchart DFD EPC Petri Net IDEF BPMN UML

1 Vera & Zapata
(2022) [41] * * * * * *

2 Huang et al.
(2022) [5] * * * * * * *

3 Amorós et al.
(2021) [25] * * * * * *

4
Sparx Systems &
Stephen Maguire

(2020) [44]
* * * *

5 Pearson (2018)
[45] * * * * * *

6 Pereira & Silva
(2016) [46] * * * * *

7
Tangkawarow &

Waworuntu
(2016) [47]

* * * *

8 Nagm-Aldeen
et al. (2015) [48] * * * * * *
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Table 1. Cont.

Row Writer RAD Flowchart DFD EPC Petri Net IDEF BPMN UML

9 Geyer et al.
(2015) [49] * * *

10 Rima et al.
(2013) [50] * * * * * *

11 Johansson et al.
(2012) [51] * * * * *

12 Chand & Chircu
(2012) [52] * * * * * * *

13 Heidari et al.
(2013) [53] * * * * *

14 Aldin & de
Cesare (2009) [54] * * * * * * *

15 Recker (2006)
[55] * * * * * * *

16 Aldin & De
Cesare (2011) [56] * * * * *

17 Damij (2007) [57] * * * * *

18 Ziemann et al.
(2007) [58] * * * *

19 List & Korherr
(2006) [59] * * * * * *

20 Giaglis (2001)
[60] * * * * * *

Note: * indicates that the corresponding modeling technique was used or referenced in the cited study.

In conclusion, business processes are no longer static or linear routines; they are
dynamic, data-informed systems that continuously evolve in response to internal insights
and external signals. Modern BPM and process modeling practices, empowered by AI
and digital infrastructure, are essential tools for navigating complexity, driving innovation,
and sustaining long-term competitive advantage. They are especially critical in start-up
environments, where agility, speed, and intelligent decision-making are key to achieving
sustainable success.

Based on a comprehensive review of 22 foundational studies in the domain of business
process modeling, Table 1 presents the frequency and prominence of eight major modeling
techniques. Among these, Unified Modeling Language (UML), Business Process Model
and Notation (BPMN), IDEF, and Petri Nets were identified as the most frequently cited
approaches, reflecting both theoretical robustness and practical utility across academic and
professional contexts.

Of these, BPMN emerged as the most contemporary, adaptable, and contextually
suitable technique for modeling dynamic, service-oriented start-up environments. Its
core strength lies in its ability to bridge communication between business and technical
stakeholders through a standardized and intuitive visual language. This dual accessibility
makes BPMN particularly valuable in early-stage ventures, where multidisciplinary collab-
oration and rapid iteration are essential. Based on both its frequency in the literature and
expert consultations conducted during this study, BPMN was selected as the foundational
modeling framework.
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Given the relative novelty and underdevelopment of structured process research
specific to service start-ups, it was essential to analyze existing models to avoid redundancy
and build upon validated conceptual frameworks. However, the literature indicates a
persistent gap: most existing models are either highly generalized or geared toward
product-centric enterprises, offering limited applicability to service-driven ventures. To
address this deficiency, the present study contributes by refining and adapting process
elements specifically tailored to service-based start-ups.

To develop a robust and contextually relevant BPMN-based model, key process pa-
rameters were extracted from prior studies and systematically categorized. Parameters
explicitly tied to physical goods, such as inventory management, warehousing, or dis-
tribution logistics, were excluded. Those with overlapping relevance, such as “product
development” or “market launch,” were reinterpreted through a service-oriented lens.
Additionally, parameters unique to service ventures, such as service ideation, value co-
creation, and intangible delivery mechanisms, were emphasized to reflect the operational
and experiential distinctiveness of service start-ups.

Foundational contributions by [61] highlighted the critical early-stage components
of venture formation, particularly relevant to service sectors. These include opportunity
recognition, risk management, team building, competitive intelligence, and the establish-
ment of legal, financial, and strategic structures. Further refinement by [62] expanded this
framework, emphasizing the non-linear, iterative, and adaptive nature of entrepreneurial
processes, which is especially vital in service contexts, where continuous customer engage-
ment and responsiveness are key to value creation.

A recurring theme in the recent literature is the underrepresentation of human-
centered and behavioral dimensions in traditional process models. Scholars [5,25,32,40]
argue for the integration of soft variables, such as team motivation, cognitive flexibil-
ity, individual agency, and cultural adaptability, particularly within volatile, innovation-
intensive start-up environments. These dimensions are essential to understanding how
entrepreneurial teams navigate uncertainty, respond to feedback, and sustain innovation
over time.

Vera and Zapata [41] offer a contemporary systems-oriented perspective by concep-
tualizing service start-ups as socio-technical systems. This view positions start-ups not
merely as economic entities, but as dynamic ecosystems where technical infrastructures
and social behaviors co-evolve. From this vantage point, service start-ups act as agents
of broader socio-technical transformation by facilitating adaptive learning, participatory
innovation, and systems-level change.

Building on this insight, the present study adopts a systems thinking approach, rec-
ognizing that any viable model for service start-ups must integrate both technological
intelligence and human insight. The BPMN-based framework developed here is designed
to reflect this interaction, providing a flexible, scalable, and intelligent process model-
ing tool capable of visualizing, analyzing, and optimizing service start-up operations in
complex, AI-enhanced, and data-rich environments.

2.5. Research Innovation

Given the diversity and complexity of entrepreneurial environments, there is no single
model capable of representing new venture creation and encompassing the full range
of variables relevant to starting up. While there are several integrated frameworks to
unite and summarize the common characteristics of previous models, they are often too
generalized, collectively bringing together too many elements and variables at the same
time (e.g., opportunity recognition, strategic shaping, team formation, implementation)
and failing to contextualize these attributes in a particular sector or entrepreneurial context.
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The integrated frameworks strive to capture the whole of entrepreneurial activity by
collating variables and stages that were yielded from the previous literature. However,
a continual limitation of these frameworks is their lack of specificity; the variables they
contingently categorize are broad and often poorly defined, operationally or otherwise,
making them impractical for analyzing and describing new ventures. Therefore, they do
not often provide particularly useful information or advice for specific start-up situations,
especially in niche areas of entrepreneurship such as service-providing entrepreneurship

A more realistic and potentially fruitful approach for both scholarly inquiry and
practical engagement is to undertake sector-specific and context-specific process models.
This is especially relevant for nascent ventures that work with a level of resource constraint,
a high degree of uncertainty, and/or account for sector-specific expectations.

To satisfy this need, the current study proposes developing a specific process model
for workers’ health and safety in service start-ups. This is motivated through the specific
nature of service enterprises, where human interaction, intangible value delivery, and
“fluid” work environments are in focus. By limiting the frame of reference back down to
this very important but lesser-studied complexity, it is anticipated that this model could
provide a more realistic, practical, and sector-relevant process model that considers not
only strategic and operational processes, but also important human considerations.

Ultimately, this work seeks to contribute to a new generation of start-up process
models that can be meaningfully connected to theory and can be implemented in practice,
providing actionable insight for founders, practitioners, and policymakers wanting to
develop resilience, employee well-being, and sustainability in service-based start-ups.

3. Research Method
Despite extensive scholarly efforts, there remains no universally accepted or fully

comprehensive model that encapsulates the complete process of new venture creation,
particularly within the diverse and evolving landscape of service-oriented start-ups. While
several integrated frameworks have been proposed to address this gap, they often attempt
to aggregate a wide range of variables and features from earlier models without offer-
ing sufficient specificity or operational clarity. These general models, though useful in
broad conceptual terms, frequently lack the granularity required to address the nuanced
challenges and sector-specific demands faced by start-up founders.

The limitations of these theoretical frameworks highlight the need for more context-
sensitive and application-driven models, especially those tailored to specific domains
within the entrepreneurial ecosystem. A key shortcoming of the existing literature is the
lack of targeted focus on critical areas such as workers’ health and safety, a vital yet often
overlooked aspect in the design and operation of service-based start-ups.

To address this gap, the present study proposes the development of a sector-specific,
process-oriented model that integrates expert insights with advanced methodologies, in-
cluding BPMN, AI-driven process analysis, and socio-technical systems thinking. The
focus is on designing a model that supports health and safety practices for workers within
service start-ups, an area with significant implications for operational sustainability, legal
compliance, and human capital management.

By incorporating parameters derived from empirical research, expert consensus (via
the fuzzy Delphi method), and systems-level analysis (via DEMATEL), this study aims to
contribute an actionable and realistic framework aligned with the unique characteristics
of service start-ups. This approach not only enhances practical relevance but also opens
new pathways for academic inquiry, offering a foundation for further refinement and
cross-sector adaptation of the proposed model.
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In doing so, the study advances current process theory by shifting from generalized
abstraction to targeted innovation, creating tools that are not only theoretically sound but
also technologically enabled and practically implementable.

AI-Driven Process Modeling Framework

The AI-driven process modeling framework is built on three core components: Core
attributes of AI-Driven Ideation, AI-Augmented Content, and AI-Enabled Personalization
(Figure 1). AI-Driven Ideation leverages mind mapping and creative insights to generate
innovative ideas, while AI-Augmented Content enhances BPMN with data-driven insights.
AI-Enabled Personalization applies predictive personalization and real-time insights to
tailor processes to customer needs [63]. Developed iteratively based on expert input, the
proposed framework functions as a robust, that blends into the comprehensive AI inte-
gration, covering advanced techniques from big data analytics and machine learning to
enhance strategic and operational decision-making, providing a robust, intelligent sys-
tem for improving operational agility, strategic decision-making, and health and safety
governance in service-oriented start-ups. Moreover, as shown in Figure 1, the framework
is developed in three AI capabilities. AI-Driven Ideation supports creative exploration
through data-informed brainstorming. AI-Augmented Content enhances the process mod-
eling by integrating real-time insights from unstructured data. AI-Enabled Personalization
ensures that service delivery is tailored to user needs through predictive analytics. Together,
these elements form a cohesive system that supports agile, customer-centric innovation in
service start-ups.

 

Figure 1. AI-driven process modeling framework for service start-ups.
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4. Findings
The findings of this study begin with an analysis of the expert participants involved

in the development and validation of the proposed process model for service start-ups.
The target population consisted of specialists in entrepreneurship, start-up ecosystems,
and Business Process Model and Notation (BPMN) techniques. To understand the demo-
graphic distribution of the participants, descriptive statistical measures were applied across
variables such as age, education level, work experience, and professional role.

The data showed that 75% of the participants (15 out of 20) were aged between 25 and
35. Age was used as a demographic indicator to show how many younger profession-
als are becoming involved in emerging areas in which “BPM”-driven process modeling
and start-ups represent a small business strategy. In any event, it is not surprising that
younger generations would dominate in areas such as BPMN and start-ups, especially
considering their aversion to resistive technology and entrepreneurial risk, versus older
professionals who likely would not have the same engagement based on their career choices
or commitment to support digital transformation options.

In order to assess the strength of the research instrument, the internal consistency of
the expert questionnaire was assessed with Cronbach’s alpha. In the first data collection
round, the alpha was calculated at 0.51, falling below the overall acceptable reliability
threshold of 0.70, and there was a need for refinement.

A deeper analysis of individual questionnaire items revealed that the question, related
to voluntary withdrawal from a previous company, had a negative impact on the reliability
score. Several expert insights explained the lack of relevance of this item in the context of
modern start-up formation:

1. Many founders are not necessarily transitioning from traditional employment.
2. For some, the start-up represents a parallel endeavor rather than a complete ca-

reer shift.
3. In certain cases, start-ups are launched within existing organizational structures,

eliminating the need for a formal job exit.

Through the feedback process, we removed the item, and the modified model—and
a modified version of the questionnaire—was sent to the expert group. This is consis-
tent with agile, data-informed research, which emphasizes iterative refinement based on
stakeholder feedback. In the second round of analysis, the modified questionnaire had
an acceptable reliability and improved internal consistency with a Cronbach’s alpha of
0.74. This suggested that the revised parameters were more consistent with the experts’
understanding of, and the realities of, the sector in which the experts/participants operated
for their own applications.

Following this validation, the process model was updated to reflect the refined param-
eter set and restructured accordingly to address the specific needs of workers’ health and
safety in service start-ups. The revised model is both theoretically sound and practically
actionable, developed through iterative expert engagement and grounded in the integration
of AI-informed process thinking and socio-technical systems design (Refer to Table 2 for a
detailed list of final model parameters and the redesigned process structure).

To quantify and visualize these interrelationships, the Decision-Making Trial and
Evaluation Laboratory (DEMATEL) technique was applied. This method is particularly
well-suited for complex, interdependent systems such as service start-ups, where dynamic
interactions between organizational, strategic, and human factors are critical. DEMATEL
enabled the identification of causal and dependent relationships among model components,
offering clarity on which parameters act as key influencers, and which are primarily reactive
within the process structure.
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Table 2. The final parameters of the process model for service start-ups.

Row Sub-Process

Van de
Ven &
Poole
(1989)
[64]

Vesper
(1990)
[16]

Gartner
and
Katz
(1988)
[14]

Bierley
(1985)
[65]

Gartner
(1985)
[61]

Larson
and Star

(1993)
[66]

Veciana
(1988)
[67]

Deakins
& West

Ham
(2000)
[62]

Bohács
et al.

(2016)
[68]

Pearson
(2018)
[45]

Diamond
(2019)
[38]

Bitkowsk,
(2020)
[40]

Amorós
et al.

(2021)
[17]

Doellgast
&

Wagner
(2022)
[32]

Vera &
Zapata
(2022)
[41]

Zhao
et al.

(2024)
[35]

1
Intending to

create a
startup

* * * * *

2

Creative
idea

generation
and

choosing the
best idea

* * * * * * *

3

Discover
and

recognize
opportuni-

ties

* * * *

4

Market
research,

analysis, and
needs

assessment

* * * * * *

5 Recognize
competitors *

6

Risk
assessment
and rational

risk
acceptance

* *

7

Participate
with a team

with
appropriate
background

and
knowledge,
and role de-
termination

* * * * * * * * * *
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Table 2. Cont.

Row Sub-Process

Van de
Ven &
Poole
(1989)
[64]

Vesper
(1990)
[16]

Gartner
and
Katz
(1988)
[14]

Bierley
(1985)
[65]

Gartner
(1985)
[61]

Larson
and Star

(1993)
[66]

Veciana
(1988)
[67]

Deakins
& West

Ham
(2000)
[62]

Bohács
et al.

(2016)
[68]

Pearson
(2018)
[45]

Diamond
(2019)
[38]

Bitkowsk,
(2020)
[40]

Amorós
et al.

(2021)
[17]

Doellgast
&

Wagner
(2022)
[32]

Vera &
Zapata
(2022)
[41]

Zhao
et al.

(2024)
[35]

8

Planning
and drawing

a business
plan

* *

9

Provide a
minimum
acceptable

product and
pilot test

* * *

10

Collaborate
with

incubators
(accelera-

tors)

*

11

Collecting
resources

from
suppliers

* * * * * * * * *

12
Develop and

launch a
service

* * * * *

13

Establish a
legal,

financial,
and

contractual
structure

* * * * * * *

14 Achieve the
first sale * * * * *

15

Create and
sell next

services and
grow

* * *
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Table 2. Cont.

Row Sub-Process

Van de
Ven &
Poole
(1989)
[64]

Vesper
(1990)
[16]

Gartner
and
Katz
(1988)
[14]

Bierley
(1985)
[65]

Gartner
(1985)
[61]

Larson
and Star

(1993)
[66]

Veciana
(1988)
[67]

Deakins
& West

Ham
(2000)
[62]

Bohács
et al.

(2016)
[68]

Pearson
(2018)
[45]

Diamond
(2019)
[38]

Bitkowsk,
(2020)
[40]

Amorós
et al.

(2021)
[17]

Doellgast
&

Wagner
(2022)
[32]

Vera &
Zapata
(2022)
[41]

Zhao
et al.

(2024)
[35]

16

Determining
the

conditions
for investing

and
attracting

capital

* * * * * * * * *

17

Creating a
human

resource
structure

and
employment

* * * * * * * * * * *

18 Build a
company * *

19
Advertising

and
marketing

*

20
Service

control and
support

* * * *

21

Developing
networks,
attracting
credit, and
gaining a
foothold

* * * * * * * * *

22

Counseling
and

well-being
for sustain-

ability

* * *
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Table 2. Cont.

Row Sub-Process

Van de
Ven &
Poole
(1989)
[64]

Vesper
(1990)
[16]

Gartner
and
Katz
(1988)
[14]

Bierley
(1985)
[65]

Gartner
(1985)
[61]

Larson
and Star

(1993)
[66]

Veciana
(1988)
[67]

Deakins
& West

Ham
(2000)
[62]

Bohács
et al.

(2016)
[68]

Pearson
(2018)
[45]

Diamond
(2019)
[38]

Bitkowsk,
(2020)
[40]

Amorós
et al.

(2021)
[17]

Doellgast
&

Wagner
(2022)
[32]

Vera &
Zapata
(2022)
[41]

Zhao
et al.

(2024)
[35]

23
Strategy-

cost
leadership

* * * *

24

Withdrawal
of investors
according to

plan

* * *

Note: * indicates the best-performing result in each row (or column), as reported in the respective studies.
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Experts were asked to rate the degree of influence each factor exerts on the others. Re-
sponses were analyzed, and any relationship deemed insignificant by at least 50% of the ex-
pert panel was eliminated from the model to enhance parsimony and focus. This threshold
ensured that the final model retained only meaningful, validated interactions—improving
both interpretability and practical utility.

The outcome of this process not only strengthened the internal logic of the process model
but also aligned it with AI-supported decision systems, where understanding causal pathways
is essential for building intelligent, adaptive workflows. The revised interdependencies among
parameters are presented in Table 3, which highlights the directional impact and strength of
relationships as identified through the expert-informed DEMATEL framework.

Table 3. Communication matrix and the impact of the factors present in the network relations map.

X C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15 C16 C17 C18 C19 C20 C21 C22 C23 C24

C1 - - - - - - - - - - - - - - - - - - - - - - - -

C2 - - - - - - - - - - - - - - - - - - - - - - - -

C3 - - - - - - - - - - - - - - - - - - - - - - - -

C4 - - 0.122 - - - - - - - - - - - - - - - - - - - - -

C5 - - 0.036 0.293 - - - - - - - - - - - - - - - - - - - -

C6 - - 0.397 0.452 0.293 - - - - - - - - - - - - - - - - - - -

C7 - 0.2 - - - - - - - - - - - - - - - - - - - - - -

C8 - - - - - - 0.3 - - - - - - - - - - - - - - - - -

C9 - - - - - - - - - - - - - - - - - - - - - - - -

C10 - 0.2 - - - - - - - - - - - - - - - - - - - - - -

C11 - - - - - - - - - - - - - - - - - - - - - - - -

C12 - - - - - - - - - - - - - - - - - - - - - - - -

C13 - - - - - - - - - - - - - - - - - - - - - - - -

C14 - 0.1 0.326 0.275 0.024 - - - - - - - - - - - - - - - - - - -

C15 - - 0.08 0.067 - - - - - - - - - 0.2 - - - - - - - - - -

C16 - - 0.132 0.145 0.087 0.3 0.1 0.3 - - - - - - 0.2 - - - - - - - - -

C17 - - - - - - - - - - - - - - - - - - - - - - - -

C18 - - - - - - - - - - - - 0.1 - - - - - - - - - - -

C19 - - 0.073 0.243 0.017 - - 0.1 - - - - - 0.1 0.4 0.171 - - - - - - - -

C20 - - - - - - - - - - - - - - - - - - - - - - - -

C21 - - 0.014 0.047 - - - - - - - - - - 0.1 0.033 - - 0.2 0.122 - - - -

C22 - - - - - - - - - - - - - - - - - - - - - - - -

C23 - - - - - - - - - - - - - - - - - - - - - - - -

C24 - - 0.026 0.028 0.017 0.1 - 0.1 - - - - - - - 0.195 - - - - - - - -

Figure 2 shows the finalized AI-enabled process model for service start-ups that
comprehensively integrates decentralized blockchain principles to maximize transparency,
traceability, and trust. The model contains 24 validated sub-processes, which reflect a key
aspect of the start-up status and an entrepreneur’s journey. Each sub-process covers a
significant aspect of the start-up process, ranging from idea design/creation, risk evaluation,
service presentation/launch, investor withdrawal, etc. The model also shows sequential
and parallel flows, both found through the DEMATEL analysis, thus showing that the
model is grounded in theory and shows the practical aspects of dynamic start-up cultures.

Figure 3 presents the network relations map derived from DEMATEL analysis, high-
lighting the causal relationships among the 24 sub-processes. Key drivers such as ‘creative
idea generation’ and ‘market research’ exhibit strong influence over downstream activi-
ties like ‘service development’ and ‘resource collection.’ This visualization helps clarify
the interdependencies within the model and supports strategic prioritization for start-up
founders. The results of the second stage of the survey, along with the statistical tests
related to each answer, are summarized in Table 4 to provide a better analysis of the results.
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 Service Start-Ups  

Intention to 
Create an 

AI-Powered 
Service 

Start-Up 

• AI-Driven Brainstorming 
and Selecting Promising 
Ideas 

• AI-Powered Opportunity 
Recognition Using Big Data 

• Market Research and Needs 
Assessment with AI 
Insights 

• AI-Enhanced Market 
Research and 
Validation 

• Form Cross-Functional 
AI-Skilled Team 

• Competitor Analysis 
Using AI Benchmarking 
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Develop 
AI-Assisted 
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Plan 

Gather Resources 
Using AI-Optimized 
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Develop AI-
Enabled 
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(MVP) and 
Pilot Test 

AI-Based Evaluation 
of Investment 
Readiness and 
Scalability 

Build Company 
with AI-Supported 
Operational Setup 

Establish Legal, 
Financial, and AI 
Governance 
Infrastructure 

Run Risk Assessment, Team 
Formation, and Competitor 
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Gather Resources 
Using AI-Optimized 
Supplier Selection 

End 

Figure 2. Final process model of technology for service start-ups.

Table 4. Prioritize the components of the service start-up process model.

Priority Factor Maximum Minimum Standard Deviation Average

1 Intending to create a startup 5 4 43 4.75

2 Discover and recognize opportunities 5 4 5 4.55

3 Market research, analysis, and needs assessment 5 4 5 4.55

4 Develop and launch a service 5 4 5 4.45

5 Creative idea generation and choosing the
best idea 5 3 79 4.35

6 Planning and drawing a business plan 5 4 48 4.35

7 Provide a minimum acceptable product and
pilot test 5 3 77 4.25

8 Advertising and marketing 5 4 43 4.25

9 Recognize competitors 5 3 73 4.15

10 Service control and support 5 3 48 4.15

11
Participate with a team with appropriate

background and knowledge, and
role determination

5 3 73 3.75

12 Achieve the first sale 5 2 83 3.75

13 Create and sell next services and grow 4 3 43 3.75

14 Strategy-cost leadership 5 2 1.13 3.75

15 Risk assessment and rational risk acceptance 4 3 48 3.65

16 Determining the conditions for investing and
attracting capital 5 1 1.28 3.65

17 Collecting resources from suppliers 4 3 5 3.45

18 Creating a human resource structure
and employment 5 2 97 3.45

19 Developing networks, attracting credit, and
gaining a foothold 4 1 1.12 3.45

20 Build a company 5 2 1.6 3.35
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Table 4. Cont.

Priority Factor Maximum Minimum Standard Deviation Average

21 Counseling and well-being for sustainability 4 1 91 3.35

22 Establish a legal, financial and
contractual structure 5 1 1.44 3.25

23 Withdrawal of investors according to plan 4 3 43 3.25

24 Collaborate with incubators (accelerators) 3 2 48 2.65

Figure 3. Dematel network relations map based on the final parameter row number.

It was observed that most expert responses clustered around four on the Likert scale.
The only exception was the parameter “Collaborate with incubators (accelerators),” which
received a lower average rating. However, this outcome was anticipated in the model and,
accordingly, the activity was classified as parallel and conditional rather than essential.



Electronics 2025, 14, 3240 21 of 26

One of the core research questions addressed is which parameters are most important
in the context of a service start-up. Based on the results discussed above, a list of critical ser-
vice start-up parameters has been compiled. Another question concerned the relationships
among these key parameters. These interrelationships are clearly illustrated in the process
model, which defines precedence, latency, sequence, parallelism, and other interaction dy-
namics. The prioritization in Table 4 highlights foundational activities such as opportunity
recognition and service development, which align with early-stage start-up needs. Table 3′s
causal mapping reveals which subprocesses act as drivers (e.g., risk assessment) versus
those that are reactive (e.g., marketing), informing strategic planning.

Moreover, it is observed that the proposed AI-driven process modeling framework
integrates advanced techniques from big data analytics and machine learning to enhance
both strategic and operational decision-making. The three main core components (AI-
Driven Ideation, AI-Augmented Content, and AI-Enabled Personalization) combine to
leverage mind mapping and creative insights to generate innovative ideas for process
improvements, provide insights derived from large-scale, unstructured data sources, and
apply predictive personalization and real-time insights to tailor processes to customer
needs. Developed iteratively based on expert input, the framework functions as a robust,
intelligent system for enhancing operational agility, strategic decision-making, and health
and safety governance in service-oriented start-ups.

To ensure comprehensive identification and validation of factors influencing the
adoption of blockchain- and AI-driven knowledge management systems, we employed
a two-round fuzzy Delphi method followed by the DEMATEL technique. The expert
questionnaire was structured in two parts: the first contained demographic and profes-
sional background questions to confirm the eligibility of participants, and the second
part consisted of a series of Likert-scale items designed to evaluate the relevance of each
proposed factor.

The initial questionnaire items were derived from an extensive literature review and
aligned with constructs from the TAM and TOE frameworks. These were reviewed by two
domain experts to ensure content clarity and face validity before distribution. We conducted
two Delphi rounds based on best practice guidance that two to three iterations are generally
sufficient when consensus stabilizes. The first round gathered initial judgments, while the
second round was used to refine consensus after removing items with low reliability or
high disagreement.

A total of 18 experts participated in the Delphi process. Experts were selected based
on the following criteria:

A minimum of 5 years of professional experience in knowledge management,
blockchain, AI, or digital transformation.

• At least a Master’s degree in a relevant field (e.g., information systems, data science,
or business technology).

• Proven contributions to industry projects or peer-reviewed research related to emerg-
ing technologies.

• This ensured that only individuals with significant domain expertise contributed to
the questionnaire.

Reliability was assessed using Cronbach’s alpha to determine internal consistency
of responses. The first-round alpha value was 0.51, indicating a need for revision. Upon
further analysis, two items with low item-total correlations were identified and removed.
These items showed weak alignment with the rest of the construct and contributed to the
overall inconsistency. After removal, the second-round alpha increased to 0.78, indicating
acceptable reliability. The improvement supports the view that the Delphi process not
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only facilitates consensus but also helps refine and strengthen construct reliability through
iterative expert feedback.

5. Conclusions
The AI-driven process modeling framework presented in this study integrates ad-

vanced techniques from big data analytics and machine learning to support both strategic
and operational decision-making in service start-ups. As a result, service start-up pro-
cesses typically follow a sequence of distinct yet adaptable steps—often referred to as
sub-processes or activities, depending on the level of detail and task granularity. Recog-
nizing the variability inherent in these processes, this study aimed to design a flexible,
modern process model grounded in Business Process Model and Notation (BPMN), specif-
ically tailored to the unique context of service-based start-ups in Iran, where structured
process modeling practices are still emerging. Although the model is validated through
expert consensus and causal mapping, empirical testing in live start-up environments is a
future research direction. An application pilot or simulation would further substantiate
its application.

To ensure a robust and contextually relevant model, the research began with a com-
prehensive review of prior studies to identify key parameters used in existing start-up
process models. These findings were synthesized with practical insights and professional
experience to identify 24 sub-processes that collectively define the core operations of ser-
vice start-ups. Each sub-process was carefully selected and defined to ensure theoretical
consistency and alignment with the cultural and operational landscape of the Iranian
entrepreneurial ecosystem.

Once the variables were identified, their logical and operational relationships were
mapped and visualized through a BPMN model, providing a clear, process-oriented rep-
resentation of the start-up lifecycle. The model emphasizes agility, service specificity,
and a human–technology interaction framework that accommodates digital tools such as
AI-powered decision support systems.

To evaluate the relevance and accuracy of these parameters, a two-phase Fuzzy Delphi
method was employed alongside a qualitative expert questionnaire. This approach ensured
that the model was both theoretically grounded and validated through expert consensus.
Experts were asked to rate the importance and clarity of each sub-process on a five-point
Likert scale, facilitating nuanced feedback and prioritization.

The structured design enabled iterative refinement of the model, ensuring that it
reflects both operational realism and methodological rigor. The final output is a vali-
dated, expert-informed process model that can serve as a practical tool for service start-up
founders and a foundation for future research in intelligent process automation and strate-
gic planning within entrepreneurial contexts.

To evaluate expert responses, the questionnaire was divided into three sections. The
first section collected demographic information, including age, education, work experience,
and job title. The second section focused on the importance of the 25 proposed sub-
processes. The final section assessed inter-parameter relationships and validated the
proposed model.

During the first round of evaluation, one parameter was removed based on expert
feedback and concerns about the questionnaire’s reliability. In the second round, no
changes were recommended by the expert panel. Cronbach’s alpha was calculated at 0.74,
confirming acceptable reliability. The validity of the questionnaire was further supported
through responses to the final validation questions, with a separate Cronbach’s alpha score
of 0.98, indicating excellent internal consistency.
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By confirming both the reliability and validity of the instrument, the research estab-
lishes a solid foundation for the model’s credibility and applicability. The final BPMN-based
model—including its sub-processes and the relationships among them—was formally ap-
proved by the expert panel, confirming its readiness for practical implementation.

Finally, the findings underscore the model’s potential to facilitate data-informed
decision-making in volatile, uncertain, and resource-constrained entrepreneurial environ-
ments. It is recommended that active service start-ups, as well as individuals or teams
intending to enter this field, review the proposed process model. It can serve as a valuable
guide for initiating a start-up or, at the very least, as a planning tool to structure next steps,
minimize misunderstandings, and reduce the risk of poor planning.

Limitations and Future Work

This study presents a conceptual framework developed using expert input through
fuzzy Delphi and DEMATEL techniques. While this provides a strong theoretical foun-
dation, we acknowledge that the model has not yet been empirically tested in real-world
service start-ups. The absence of case studies or pilot applications limits the current practi-
cal validation of the proposed model. As a direction for future research, we plan to conduct
in-depth case studies and simulations in actual start-up environments to assess the model’s
functionality, adaptability, and impact on digital transformation initiatives. Such empir-
ical testing will help enhance the model’s reliability, offer insights into implementation
challenges, and increase its value to practitioners.
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