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Abstract: Predicting the survival of startups is a complex challenge due to the multifaceted
nature of entrepreneurial ecosystems and the dynamic interplay of internal and external
factors. Despite advances in empirical research, existing models often lack integration with
robust conceptual frameworks. This study addresses these gaps by developing a multi-
variate AI-driven model for predicting startup survival, leveraging Lipschitz extensions,
neural networks, and linear regression. Using a dataset of 20 startups, selected across
diverse industries and evaluated on attributes such as team dynamics, market conditions,
and financial metrics, the model demonstrated high accuracy and clustering capabilities.
Key findings highlight the pivotal role of team dynamics and product differentiation in
determining survival probabilities. By integrating conceptual insights with empirical data,
the study bridges gaps in existing literature and offers a practical decision-making tool for
entrepreneurs, investors, and policymakers. These findings underscore the importance
of fostering collaborative, innovative ecosystems to enhance entrepreneurial success and
societal well-being.

Keywords: startup survival; artificial intelligence; Lipschitz extensions; neural networks;
entrepreneurial ecosystems

1. Introduction
Predicting startup survival remains a significant challenge in entrepreneurship re-

search, as approximately 90% of startups fail within their first few years (Cantamessa et al.,
2018) [1]. These high failure rates underscore the inherent volatility of entrepreneurial
ecosystems, driven by factors such as resource constraints, intense market competition,
and scaling complexities. Traditional forecasting models, which focus on static indicators
like financial performance, team composition, or market fit (Cooper, 1990; Wernerfelt,
1984) [2,3], often fall short of capturing the dynamic and nonlinear processes that shape
startup trajectories.

Recent advancements in artificial intelligence (AI) have opened new avenues for
addressing these limitations. AI techniques, including neural networks and clustering
algorithms, are well-suited for uncovering complex data relationships and latent vari-
ables that traditional methods often overlook (Nambisan, 2017; Sun et al., 2024) [4,5].
These models enable more precise survival predictions and offer actionable insights for
entrepreneurs, investors, and policymakers. However, while AI-based approaches have
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demonstrated potential, their effectiveness hinges on robust datasets and the integration
of conceptual frameworks that account for the multidimensional and dynamic nature of
entrepreneurial ecosystems.

This study seeks to bridge the gap between empirical data and conceptual under-
standing in startup survival analysis. We develop a multivariate AI model that integrates
Lipschitz extensions, neural networks, and linear regression within a conceptual frame-
work. The framework, inspired by theoretical foundations such as the Resource-Based
View (Wernerfelt, 1984) [3] and Open Innovation (Chesbrough, 2003) [6], emphasizes the
role of dynamic team alignment, market conditions, and innovation in predicting success.
This approach provides a structured method for analyzing startup scalability, addressing
the gaps in existing literature by combining conceptual insights with empirical validation.

The dataset used in this study includes evaluations of 20 startups across diverse
industries, gathered through structured surveys, interviews, and publicly available data.
Key variables include team dynamics, market conditions, financial metrics, and strategic
vision. These variables were chosen based on their relevance to startup survival and were
iteratively refined through industry expert feedback to ensure their practical applicability.

This paper is structured as follows: Section 2 provides a detailed review of existing
literature, focusing on the integration of conceptual and empirical approaches. Section 3 de-
scribes the methodology, including data collection and AI modeling techniques. Section 4
presents the results of the analysis, highlighting critical factors influencing survival prob-
abilities. Section 5 discusses the implications of these findings in the context of existing
literature, and Section 6 concludes with practical, societal, and research implications.

By combining conceptual rigor with AI-driven empirical analysis, this study con-
tributes to the evolving understanding of startup survival, offering practical tools for
stakeholders and advancing the integration of AI in entrepreneurial research.

2. Literature Review
Startup survival has been a central theme in entrepreneurship research due to its

pivotal role in driving innovation and economic growth. Despite this focus, startups
continue to face high failure rates, with approximately 90% ceasing operations within
the first few years (Cantamessa et al., 2018) [1]. This persistent challenge underscores
the need for more comprehensive methodologies to identify key factors that predict long-
term success.

Traditional models for evaluating startup success have predominantly relied on static
indicators such as financial ratios, team composition, and market fit (Cooper, 1990; Werner-
felt, 1984) [2,3]. Operational frameworks like the Stage-Gate System emphasize structured
product development but often lack the flexibility required to adapt to dynamic market envi-
ronments (Cooper, 1990) [2]. While these approaches provide valuable insights, their static
nature limits their effectiveness in addressing the complexities of modern entrepreneurial
ecosystems, where adaptability and innovation are crucial for survival.

Dynamic frameworks have emerged to address these limitations. The Resource-Based
View (RBV) emphasizes internal capabilities as sources of competitive advantage but may
overlook the significance of external collaboration and market volatility (Wernerfelt, 1984;
Granstrand & Holgersson, 2020) [3,7]. Chesbrough’s (2003) [6] Open Innovation model
highlights the value of integrating external ideas and technologies to enhance scalability
through collaboration. Additionally, Taleb’s (2012) [8] concept of antifragility advocates
for startups to not only withstand uncertainty but also thrive under adverse conditions.
However, these models often lack practical frameworks for real-world application.

Advancements in artificial intelligence (AI) have introduced transformative tools for
startup evaluation. Machine learning techniques, including neural networks and clustering
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algorithms, facilitate the analysis of complex, nonlinear relationships, offering nuanced
insights into startup trajectories (Nambisan, 2017; Sun et al., 2024) [4,5]. Mathematical tools
like Lipschitz extensions further enhance predictive accuracy by ensuring stability and
continuity across multidimensional datasets (Arnau et al., 2023; Blom & Mooij, 2020) [9,10].
These AI-driven methodologies address gaps in traditional models, enabling a more holistic
evaluation of startup scalability.

Integrative frameworks such as the Business Model Navigator encourage adaptabil-
ity by identifying patterns and recombining business models to meet evolving market
demands (Gassmann et al., 2014) [11]. Similarly, the Platform Ecosystem Model explores
how network effects can drive scalability in digital platforms (Eisenmann et al., 2006) [12].
While these approaches offer valuable insights, they often lack empirical validation in the
context of startup survival, highlighting the necessity for robust datasets and structured
evaluation frameworks.

Recent studies have sought to bridge these gaps by applying advanced predictive
techniques to model startup survival. For instance, a study examined the effectiveness
of Random Survival Forests, Cox proportional hazards models, and Gradient Boosting in
predicting the duration of business activities among startups, finding that Gradient Boosting
provided superior predictive capability (Fuentes-Callés, 2022) [13]. Another systematic
review identified emerging success factors for startups, emphasizing the importance of
adaptability and innovation in dynamic ecosystems (Levie & Lichtestein, 2010) [14].

Despite these advancements, significant gaps remain in understanding startup scala-
bility. Traditional models often fail to account for the dynamic interplay of internal and
external factors, while emerging AI-driven techniques require robust datasets to ensure
reliability. This study aims to bridge these gaps by integrating theoretical insights with
empirical evidence, offering a comprehensive framework for evaluating startup survival
and scalability.

Our goal is to provide an empirical approach to modeling the evolution of startups, fo-
cusing on five operational aspects that can be represented within a real-world observational
framework. Synthesizing the concepts outlined in the theoretical discussion above, we
introduce our Scaling Wheel Model, which is grounded in our professional experience sup-
porting startups and assessing their survival probabilities. This assessment considers their
capabilities, contextual variables, and other critical factors, processed through a conceptual
analysis performed by an analyst from our team, who acts as an advisor to the startup.

A comprehensive explanation of the model is available in Font-Cot et al. (2023) [15].
For the purposes of this study, it is sufficient to note that the analysis revolves around the
following dimensions: Team Dynamics, concerning the structure and interactions within
the working team; Market Conditions, related to the specific circumstances of the market
and its interaction with the new enterprise; Financial Metrics, focusing on economic data
regarding the company and the market; Product and Service Differentiation, addressing
the uniqueness and creativity of the startup’s foundational idea; and Strategic Vision and
Timing, which considers how the company interprets and navigates the market context.

In the remainder of this paper, we demonstrate how these theoretical ideas are trans-
lated into data and numerical insights. We also propose various mathematical and AI-based
tools to process, analyze, and interpret the current status of the startup, as well as to estimate
its likelihood of survival.

3. Methodology
3.1. Experimental Data Acquisition

The dataset used in this study comprises 20 startups, selected to represent a broad
spectrum of industries, sizes, and market dynamics. These startups, founded between



Information 2025, 16, 61 4 of 17

2010 and 2024, span 14 years of technological and market evolution. This period captures
significant changes in entrepreneurial ecosystems, offering a rich basis for analyzing sur-
vival trajectories. The data acquisition process was informed by the authors’ decade-long
engagement with startups, providing privileged access to context-rich information from
both successful and failed ventures.

Data were collected using a multi-pronged approach. Structured surveys consisting
of 81 items were administered to startup managers, focusing on key attributes critical to
survival. These were supplemented by semi-structured interviews with founders, investors,
and other stakeholders, offering qualitative depth. Observations during startup activities
provided additional insights, while secondary data, including financial statements, funding
histories, and market reports, ensured a comprehensive perspective. This triangulation
of data sources aligns with best practices in startup research, enhancing reliability and
contextual relevance.

The attributes collected were structured around the five dimensions of the Scaling
Wheel Framework, encompassing team dynamics, market conditions, financial metrics,
product and service differentiation, and strategic vision. Team dynamics, for example, were
measured through indicators such as team size, leadership experience, goal alignment, and
relational capital, reflecting their pivotal role in fostering scalability (Brinckmann & Kim,
2015; Banerji & Reimer, 2019) [16,17]. Market conditions captured external variables like
market size, competitive intensity, and growth potential, while financial metrics focused on
funding history, revenue streams, and resource accessibility (Davila & Foster, 2007) [18].
Product differentiation was assessed through innovation levels and adaptability, while
strategic vision emphasized long-term planning and milestone achievements (Chesbrough,
2003; Porter, 1980) [6,19].

To ensure the data’s reproducibility and integrity, qualitative responses were converted
into numerical scores following a standardized coding protocol. Logs documenting the
origin and nature of each attribute were maintained throughout the process. Validation
of the dataset involved both qualitative and quantitative methods. Qualitative validation
contextualized the metrics through expert feedback, while quantitative validation cross-
referenced financial and operational data with publicly available records (Altman, 1968;
Amat, 1990) [20,21]. These steps ensured that the dataset was both reliable and reflective of
real-world startup dynamics.

Survival outcomes were expressed on a scale from 0.0 to 1.0, with 1.0 indicating fully
successful startups that demonstrated sustained growth and market presence. Startups
with partial success, characterized by challenges in financial stability or market adapta-
tion, received values below 1.0, while failed startups that ceased operations entirely were
assigned a value of 0.0.

3.2. Mathematical Tools and Model Explanation

The analysis utilized advanced mathematical tools to organize and interpret the
dataset, enabling a nuanced understanding of startup survival. Principal Component
Analysis (PCA) was employed as a preprocessing step to reduce the dimensionality of
the dataset, identifying key features and facilitating clustering. This step ensured that
the clustering process minimized intra-cluster variance while maximizing inter-cluster
differences, providing clear groupings of startups based on their survival probabilities.

Three complementary predictive models were used to estimate survival probabilities.
Lipschitz regression, a mathematically rigorous approach, operated within a metric space
using McShane and Whitney formulas. This method ensured that predictions aligned
with dataset continuity, making it particularly effective for sparse or uneven datasets
(Ferrer-Sapena et al., 2020; Erdoğan et al., 2022) [22,23]. Neural networks captured complex,
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nonlinear relationships, leveraging a simplified architecture to prevent overfitting given
the dataset’s size (Di Franco & Santurro, 2021) [24]. Linear regression provided a baseline,
offering transparency in linking variables to survival probabilities while serving as a
comparative benchmark (Dobson & Barnett, 2018) [25].

The three models were integrated into a machine learning framework: linear regres-
sion, Lipschitz regression, and neural networks are integrated into an adaptive machine
learning framework. Initially, the survival score is computed as a convex combination of
the three models.

g(x) = α1 f 1(x) + α2 f 2(x) + α3 f 3(x),

where α1 + α2 + α3 = 1. As new data are added, the dataset is enriched with updated
evaluations and survival outcomes. The functions f 1, f 2, f 3 are refined accordingly, and
the coefficients α1, α2, α3 are optimized to minimize the overall quadratic error. This
adaptive approach evolves with the dataset, enabling continuous improvement and serving
as a foundation for reinforcement learning. By integrating these models, the methodology
balances interpretability, flexibility, and predictive power, offering a comprehensive toolkit
for understanding and simulating startup survival.

4. Results
This section presents the empirical findings of the study, organized according to the

theoretical dimensions of the Scaling Wheel Framework: team dynamics, market conditions,
financial metrics, product differentiation, and strategic vision. The results incorporate
computational insights, including clustering, machine learning models, and innovation
analysis, highlighting the contributions of these advanced methodologies to understanding
startup survival. Our approach provides a unified framework for addressing the problem of
startup survival from a methodological perspective, refining and concretizing the existing
methodologies while also introducing new tools, such as Lipschitz regression, to enhance
predictive accuracy (see Gangwani and Zhu, 2024) [26]. The main objective of the section is
to present these results, as well as to show how the tools we have designed (the Scaling
Wheel, but also the combined use of clustering techniques and Lipschitz extensions, and the
other AI procedures explained here) can be adapted to different contexts. The idea is that
these formal tools accompany the analysis of the results of the Scaling Wheel when used by
the analyst in the elaboration of technical reports, adapting them then and choosing the
most appropriate ones. That is why we put emphasis on the methodology, as well as on the
results themselves.

4.1. Overview of the Analytical Tool and Its Results

The dataset comprises evaluations of 20 startups, collected through structured surveys,
interviews, and secondary data. Each startup’s attributes were translated into numeri-
cal vectors with 81 components, normalized on a scale from 0 to 1 to ensure consistency
across variables. The fundamental premise is that the problem of startup survival can be
approached as an experimental challenge (Blank and Dorf, 2020; Kerr et al., 2014) [27,28].
Principal Component Analysis (PCA) was applied to reduce dimensionality, facilitating
the visualization of survival probabilities and enabling clustering analysis. Figure A1,
which can be found in Appendix A, presents a two-dimensional representation of the
dataset, showcasing survival probabilities along the principal components. This visualiza-
tion captures the diversity in team dynamics, financial stability, and market adaptability,
providing the foundation for further computational analysis, including feature extraction
and predictive modeling.

Various classification methods previously tested for startup survival were considered
as the starting point of the analysis, including the k-nearest neighbors algorithm, random
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forest, extreme gradient boosting, support vector machine, and artificial neural networks
(Koumbarakis and Volery, 2023) [29]. Finally, we opted to use standard clustering tech-
niques, specifically k-means, to categorize startups into three groups: high, medium, and
low survival probabilities. This process identifies patterns linking key attributes, such as
team cohesion, innovation, and financial stability, to survival outcomes. The result can
be seen in Figure 1. As can be seen in Figure 2, startups with high survival probabili-
ties consistently demonstrated robust team dynamics and strong strategic visions, while
medium-probability startups exhibited moderate strengths but often lacked innovation
or differentiation. Low-probability startups faced challenges in financial stability and
adaptability to market conditions, underscoring the critical role of resource allocation and
strategic focus. These findings align with the IBM Triangle Framework, where investment,
business features, and market adaptability converge to determine success (see, for example,
Section 2 of Gangwani and Zhu, 2024 [30]).
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The results of the clustering analysis provide positive information about the usefulness
of the model. The cluster with a success estimate of less than 0.5 has two elements from
each group, but it should be noted that the blue set is considerably larger. The vast majority
of the firms in the blue set are in good health after the time interval considered and show
survival probabilities above 0.5. The group with a score equal to 0.5 is split between the
green (4) and blue (2) groups, but the proportion benefits the blue group. Finally, start-
ups with ratings strictly above 0.5 up to 1 are almost all in the blue group. These results
demonstrate that the clustering method offers a valuable first tool for the analysis of success.
For the classification of any other company, we only have to introduce the results of the
questionnaire in the database and see which group is automatically classified.

Three predictive models—Lipschitz regression, neural networks, and linear
regression—were applied to estimate survival probabilities. Each model provided unique
insights into the startup dataset. Lipschitz regression delivered stable and precise predic-
tions, making it ideal for sparse datasets. Neural networks, which have already demon-
strated success in this domain (Huang et al., 2024) [31], effectively captured complex
and nonlinear relationships within the dataset. However, their performance exhibited
variability, likely attributed to the limited sample size. Linear regression offered trans-
parency and interpretability, although it struggled to model variable interactions effectively.
The combination of these methods highlighted the multidimensional nature of startup
survival analysis, as can be seen in Figure 3. Lipschitz regression emerged as the most
consistent, while neural networks identified intricate patterns often missed by simpler
models. The integration of these tools underscores the potential of ensemble approaches in
predictive modeling.
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The Scaling Wheel Framework’s dimensions were analyzed to determine their in-
fluence on survival probabilities. The findings emphasized the unique contribution of
each dimension. Thus, the influence of survey components on survival predictions was
analyzed by isolating responses for each block of questions (team dynamics, market condi-
tions, product differentiation, financial metrics, and strategic vision). Figure 4 highlights
the relative impact of these factors, which will be separately analyzed in the rest of this
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section. Our conceptualization, although different from other comprehensive purposes, is
essentially compatible with the mainstream of the valuation methods for startups. All of
them coincide in recalling that Startup valuation is a crucial aspect of the entrepreneurial
journey, requiring a deep understanding of the relevance of the startup team, dynamic
ecosystem, and various valuation methods (e.g., DCF, Venture Capital, Scorecard), and
their impact on fundraising and business growth while addressing challenges such as
uncertainty and data limitations (Köseoğlu and Patterson, 2023) [32].
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4.2. Team Dynamics (Block 1)

The sets of variables related to team dynamics emerged from the data analysis as the
most significant factor influencing startup survival. This dimension emphasizes the im-
portance of a well-prepared, cohesive team with effective leadership and strong relational
capital. Studies such as McCarthy et al. (2023) [33] have shown that the personality traits
of founders and diversity within teams are critical determinants of startup success. Their
findings align closely with the role of team dynamics as prioritized by the Scaling Wheel
Framework, reinforcing the notion that internal cohesion is fundamental for scalability.
Other studies reveal that variables such as educational background (STEM or arts), en-
trepreneurial experience, and diversity within the team play a significant role. For example,
the number of organizations founded by individuals within a team is a key predictor of
success (Thirupathi et al., 2021) [34]. These and other factors can be detected by the analyst
when the Scaling Wheel interviews are applied; the results obtained reveal the importance
of this information, becoming the most important variable to take into account.

Another factor that directly affects the survival of a startup is the relationship between
the founders and obtaining financial resources. Although our model has a specific point
that relates the success of the startup to financial issues, it is clear that good initial funding
could be a consequence of the previous experience of the partners, which is reflected in
their ability to find good investors. A comprehensive discussion on the topic, related
to the financial opportunities opened up by the precedence and previous experience of
team members (which we refer to as Team Dynamics), can be found in Dworak, 2022 [35]
(see also the references therein). We will give more clues on this topic in the next section
dedicated to Financial Metrics.
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4.3. Market Conditions (Block 2)

Market conditions, while influential, were less critical compared to internal factors
such as team and product differentiation in our analysis. Although this is a controversial
issue, as far as startup survival is concerned, we emphasize that although external market
forces, such as competition and market size, affect startups, intrinsic characteristics, such
as innovativeness and team resilience, often carry more weight than these external vari-
ables (Risku, 2021) [36]. This finding aligns with the relatively lower influence of market
conditions observed in the Scaling Wheel analysis.

In addition, startups with resilient teams capable of managing change were more likely
to endure in exceptional circumstances (e.g., during the COVID-19 pandemic), underscoring
the importance of team resilience in overcoming external challenges, in the face of variables
representing market conditions (Polese et al., 2022) [37].

4.4. Product and Service Differentiation (Block 3)

Most of the documents that can be found in the Scientific literature reveal that this
block of variables plays a vital role in determining survival probabilities, highlighting the
need for market-relevant innovation. Research by Sun et al. (2024) [5] demonstrates that
innovative and differentiated offerings increase a startup’s ability to capture market share
and adapt to competitive pressures. Their use of machine learning models to predict startup
success mirrors the Scaling Wheel Framework’s emphasis on product differentiation.

However, although in the primary information we obtain from our model, this block
is moderately relevant, the mathematical models give less importance to its influence on
the final survival of the startup. It should be noted that although our method is intended to
be globally applicable, the testing procedure we present in this paper is restricted to the
local ecosystem of companies that have been under the surveillance of our analysts for
several years. This block of variables may become principal if a broader analytical project
is designed, but, as we have explained in the paper, our methodology has been created
as a tool for local analysis of startup projects and not as a global analytical instrument for
scientific, strategic, or foresight research.

4.5. Financial Metrics (Block 4)

Financial metrics related to the economic situation of the startup and the chances
of getting good financing for the project are, of course, fundamental in the design of a
new startup. As stated by Fuertes-Callén et al. (2022) [13], startups with healthier early
financial indicators, such as profitability, liquidity, and manageable debt levels, exhibit
significantly higher survival rates, with these metrics continuing to influence their viability
for up to eight years. This study and other related analyses demonstrate the importance
of financial stability to the survival of new ventures, and resource allocation and funding
are critical to long-term viability. This research supports the inclusion of financial metrics
as a key dimension of the Scaling Wheel Framework. Moreover, from the standpoint of
technical mathematical modeling of probabilistic prediction of startup success (Gujarathi
et al. 2024) [30], this is a critical variable.

Also, as explained in Section 4.2, the startup team is a critical factor for survival,
particularly in securing financial funding at an early stage. Readers interested in this
topic can find extensive information on the role of team members in acquiring the neces-
sary financial resources to initiate startup activities in McCarthy et al., 2023 [33], and the
references therein.
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4.6. Strategic Vision and Timing (Block 5)

The analysis provided by the Scaling Wheel revealed high variability in the influence
of strategic factors and timing, indicating a complex and context-dependent relationship
with survival outcomes. As a result, strategic matters do not appear to constitute a funda-
mental variable in the framework, likely due to their relative weight when compared to
other factors.

Granstrand and Holgersson (2020) [7] highlight that a startup’s strategic alignment
with market opportunities and the timing of its market entry can substantially influence
its success. However, they note that this impact depends on industry-specific dynamics
and external conditions. These findings are consistent with the Scaling Wheel Framework,
which also emphasizes the situational and context-driven nature of strategic vision.

These results align with computational analyses, like machine learning models, which
rank team dynamics and financial metrics (closely tied to team properties) as more impor-
tant than external factors. The Scaling Wheel Framework brings these elements together in
a unified approach, offering valuable insights into the complex nature of startup survival.
This blend of theory and real-world data highlights the importance of using different
analytical methods to better understand what drives entrepreneurial success.

5. Discussion
The findings of this study underscore the strengths and versatility of the proposed

multivariate AI-based model in evaluating startup survival. By combining empirical in-
sights with conceptual frameworks, the model addresses key gaps in the literature and
offers actionable tools for stakeholders in entrepreneurial ecosystems. This discussion elab-
orates on the model’s strengths, theoretical and empirical contributions, and its relevance
to existing literature, presenting a holistic view of its impact.

5.1. Strengths of the Proposed Model

The proposed model demonstrates exceptional predictive capabilities, particularly
through its integration of Lipschitz regression, linear models, and neural networks. Lip-
schitz regression stands out for its accuracy and stability, offering consistent predictions
even in datasets with sparse or uneven distributions. In contrast, neural networks excel at
capturing nonlinear relationships, albeit with variability that necessitates careful calibration.
The inclusion of linear regression adds interpretability, serving as a transparent baseline
for comparison. Together, these elements achieve a balance between simplicity, flexibility,
and precision.

The adaptive nature of the framework further enhances its utility. Stakeholders can
derive actionable insights through interpretable outputs, scale the model to accommodate
datasets of varying sizes and complexities, and leverage clustering techniques to effectively
categorize startups based on survival probabilities. Unlike traditional approaches, such as
financial ratio analyses (Altman, 1968) [20] or static market assessments (Porter, 1980) [19],
this framework captures dynamic and nonlinear relationships, offering a nuanced un-
derstanding of survival determinants. The stability of the Lipschitz model, in particular,
provides a reliable foundation for decision-making in environments characterized by data
scarcity or high variability.

5.2. Theoretical Contributions

This study bridges mathematical rigor with conceptual insights, advancing the the-
oretical discourse on startup survival. By incorporating Lipschitz extensions and neural
networks, the framework aligns with calls for AI-driven methodologies that enhance strate-
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gic foresight in innovation ecosystems (Granstrand and Holgersson, 2020) [7]. The study
contributes to and extends several prominent theoretical perspectives.

The Resource-Based View (RBV) is reinforced through the emphasis on team dynamics
and internal capabilities as critical factors for survival, consistent with Wernerfelt’s (1984) [3]
seminal work. Open Innovation, as articulated by Chesbrough (2003) [6], finds support in
the model’s validation of adaptability and external collaboration as key drivers of scalability.
Furthermore, the study echoes Taleb’s (2012) [8] concept of antifragility, advocating for
startups to cultivate resilience and adaptability in the face of market uncertainties. By empir-
ically validating these frameworks, the model bridges theoretical constructs with practical
applications, demonstrating their relevance to real-world entrepreneurial challenges.

5.3. Empirical Contributions

The empirical findings of this study validate the practical relevance of the Scaling
Wheel Framework and provide critical insights into the factors influencing startup survival.
Team dynamics emerged as the most significant predictor, emphasizing the importance
of leadership alignment, relational capital, and cohesive team structures. These findings
align with prior research highlighting the role of team cohesion in fostering scalability
(Brinckmann and Kim, 2015; Banerji and Reimer, 2019) [16,17].

Product differentiation also played a pivotal role, underscoring the necessity of inno-
vation and adaptability in competitive ecosystems. This result reinforces the perspective
that startups must establish unique market positions to sustain their growth (Zhang et al.,
2021) [38]. Market conditions and strategic vision exhibited context-dependent impacts,
reflecting the variability of external dynamics and the criticality of timing in entrepreneurial
success. The robustness of the proposed model, particularly its ability to integrate multidi-
mensional datasets and preserve continuity across metrics, further supports its empirical
contributions. Lipschitz regression demonstrated exceptional performance in maintaining
stability and coherence, even when handling complex data relationships (Arnau et al.,
2023) [9].

5.4. Contributions to the Literature

This study makes significant contributions to the literature by advancing AI-driven
methodologies for evaluating startups. Recent research has highlighted the need for dy-
namic, data-driven frameworks that go beyond traditional methods (Park et al., 2024) [39],
which emphasize the utility of predictive techniques like neural networks in modeling
survival probabilities. Building on this, our work incorporates clustering and Lipschitz re-
gression to enhance stability and interpretability, offering a more comprehensive analytical
toolkit. Techniques such as random forest, XGBoost, and support vector machines could
help with this task (see Shi et al., 2024 [40], and the references therein).

Similarly, several investigations have identified adaptability as a core success factor
in startup ecosystems (Sevilla-Bernardo et al., 2022) [41]. Our findings reinforce this
perspective, particularly through the lens of team alignment and innovation. By combining
empirical data with conceptual insights, this study extends existing knowledge, addressing
complex entrepreneurial challenges with a multifaceted approach. The integration of
adaptive learning mechanisms and the emphasis on practical implications further position
this research as a valuable contribution to the evolving discourse on startup survival.

5.5. Practical Implications

The findings of this study have significant practical implications for entrepreneurs,
investors, and policymakers, addressing key challenges in evaluating and fostering startup
survival. For entrepreneurs, the framework provides actionable insights into the most
critical dimensions of success, particularly team dynamics and product differentiation. By
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focusing on leadership alignment, team cohesion, and innovation, entrepreneurs can make
strategic decisions to mitigate risks and enhance their scalability potential. For example,
startups can use the model to identify weaknesses in team capabilities or gaps in market
differentiation, allowing them to address these areas proactively.

Investors can benefit from the model’s predictive capabilities by incorporating its out-
puts into their decision-making processes. The multivariate AI approach allows investors
to assess survival probabilities with greater nuance, moving beyond static indicators like
financial ratios. This deeper understanding enables better portfolio diversification, risk
assessment, and investment targeting, particularly in identifying early-stage startups with
strong long-term potential. Additionally, the framework’s transparency and adaptability
ensure that investors can apply it across various industries and market conditions.

Policymakers can leverage the insights provided by the study to design targeted
interventions and support mechanisms for startups. By understanding the role of team
dynamics, innovation, and strategic timing in driving success, policymakers can develop
programs that address specific ecosystem weaknesses. For instance, initiatives to foster lead-
ership training, improve access to funding for innovative projects, or support collaborative
networks could significantly enhance startup viability. Furthermore, the framework’s scala-
bility makes it suitable for application at regional or national levels, enabling the creation
of policies tailored to the unique characteristics of local entrepreneurial ecosystems.

5.6. Limitations and Future Research

While this study provides valuable contributions to understanding startup survival,
several limitations must be acknowledged, paving the way for future research. One
major limitation is the dataset size, which consists of 20 startups. Although these startups
were selected to represent diverse industries and stages of development, the sample size
constrains the generalizability of the findings. Future studies should incorporate larger,
more diverse datasets, including startups from different regions, industries, and time
frames, to validate and extend the applicability of the model.

Another limitation is the exclusion of external variables, such as macroeconomic
conditions, cultural influences, and regulatory environments. These factors often play a
significant role in shaping entrepreneurial success but were beyond the scope of the current
study. Future research should integrate such variables to provide a more comprehensive
analysis, enabling models to account for external dynamics and their interactions with
internal startup attributes.

The current framework also lacks real-time adaptability. While the adaptive learning
mechanism allows for continuous improvement as new data are added, the model does
not yet incorporate real-time data streams. Future work could focus on developing interac-
tive, real-time applications of the framework, potentially through online platforms. Such
platforms could allow startups, investors, and policymakers to input live data and receive
dynamic survival predictions, further bridging the gap between theoretical insights and
practical decision-making.

Additionally, exploring advanced AI techniques, such as hybrid models or ensemble
learning, could enhance the model’s predictive accuracy and robustness. These methods
could combine the strengths of existing predictive tools while minimizing their weak-
nesses. For instance, reinforcement learning could be applied to continuously optimize the
model as new data becomes available, ensuring that it evolves in response to changes in
entrepreneurial ecosystems.

Lastly, future research should explore the societal implications of startup survival,
considering how successful startups contribute to broader economic and social outcomes.
This could include analyzing the impact of startups on job creation, innovation diffusion,
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and regional development. By linking survival predictions to societal benefits, the frame-
work could provide even greater value to stakeholders and contribute to a more holistic
understanding of entrepreneurship.

These expansions provide a deeper exploration of practical applications and future
research opportunities, addressing potential gaps while setting the stage for continued
advancements in the field. Let me know if you’d like further refinements or additional
areas of focus!

6. Conclusions
This study demonstrates the application of multivariate models to analyze and predict

the survival probabilities of startups using structured datasets. By employing cluster-
ing techniques and predictive models, including linear regression, neural networks, and
Lipschitz functions, the research evaluates the feasibility and effectiveness of diverse
methodologies for estimating survival outcomes. The findings highlight the clustering
method’s ability to categorize startups into groups with distinct probabilities of success,
offering a practical approach for initial evaluations and enabling the seamless integration of
additional startups into the framework. This approach ensures scalability and adaptability,
making it a valuable tool for dynamic startup ecosystems.

The predictive models used in the study each bring unique strengths to the anal-
ysis. Lipschitz regression demonstrates its value by providing stable and conservative
predictions, minimizing variability and the risk of overfitting. Neural networks, while
capable of capturing complex, nonlinear relationships, show greater variability, particu-
larly with sparse datasets. Linear regression serves as an interpretable baseline model,
offering simplicity without compromising the ability to assess key trends. The integration
of these models through a convex approach enhances overall predictive reliability and
accuracy, illustrating the value of combining complementary methodologies to address the
complexities of startup survival.

The analysis of the survey’s conceptual blocks further underscores the importance
of team dynamics as the most significant predictor of survival. The findings align with
previous research emphasizing the critical role of leadership, goal alignment, and relational
capital in fostering scalability. Product and service differentiation also emerges as a key fac-
tor, highlighting the necessity of innovation and adaptability to maintain competitiveness
in dynamic markets. In contrast, market conditions appear to play a less pivotal role, while
strategic vision and timing exhibit context-dependent variability, reflecting the nuanced
nature of their impact on survival outcomes.

The findings of this study carry practical implications for multiple stakeholders. En-
trepreneurs can leverage the framework to identify and strengthen critical success factors,
particularly those related to team alignment and innovation. Investors can use the model
to evaluate potential investments, gaining insights into multidimensional survival prob-
abilities and associated risks. Policymakers, too, can benefit by employing data-driven
recommendations to design targeted interventions that support startup ecosystems and
enhance overall entrepreneurial success rates.

Despite its contributions, this study is not without limitations. The dataset, limited
to 20 startups, constrains the generalizability of the findings. Future research should
address this by expanding the dataset to include more diverse industries and geographical
contexts, thereby increasing the robustness of the analysis. Additionally, external variables
such as macroeconomic conditions, regulatory environments, and cultural influences,
which were not included in the current framework, should be explored to provide a more
comprehensive understanding of the factors affecting startup survival. Incorporating real-
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time data and adaptive learning mechanisms could further refine the model’s scalability
and enhance its predictive accuracy, enabling a more dynamic and responsive framework.

By integrating structured evaluation tools with advanced AI methodologies, this study
contributes to the growing body of research on startup survival. The framework presented
is scalable, adaptable, and practical, addressing the complexities of entrepreneurial ecosys-
tems and offering a foundation for more accurate and nuanced decision-making. The
results not only enhance the understanding of startup survival dynamics but also provide
a pathway for future studies to explore innovative, data-driven approaches to addressing
the challenges faced by startups in rapidly evolving markets.
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Figure A2. Model testing. Estimated values of 4 real companies provided by each of the three models
considered (Linear LM, Neutral Network, and Lipschitz Regression) when we train them with the
rest of the 16 benchmark start-ups.
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