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Abstract

The Software-as-a-Service (SaaS) industry is projected to grow significantly in the coming decade.
However, many startups face challenges in maintaining operations and meeting investor
expectations. This thesis primarily investigates the role of Artificial Intelligence (AI) in achieving
Operational Excellence (OE) within SaaS startups. It additionally considers the startup ecosystem
by examining how such Al adoption influences venture capital (VC) investment decisions.
Through qualitative interviews with entrepreneurs and investors, the study explores how Al-driven
technologies can improve workforce capabilities, strengthen customer relationships, optimize
operational processes, and accelerate product innovation. The findings reveal that AI’s influence
goes beyond mere efficiency. When strategically integrated, Al fosters a more adaptive, data-
driven, and customer-centric operational environment, allowing startups to better align their
offerings with market demands. This operational maturity resonates with VC investors, who are
increasingly recognizing Al-driven improvements in metrics such as customer acquisition cost and
customer lifetime value as strong indicators of scalability and long-term potential. By clarifying
the pathways through which Al supports OE and influences investor perceptions, this study
enriches the theoretical framework surrounding technology-enabled entrepreneurship.
Additionally, it provides valuable guidance for SaaS founders and investors aiming to harness Al

as a strategic advantage in a fast-changing digital landscape.
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Sumario

Prevé-se que o sector do software como servico (SaaS) cresc¢a significativamente na proxima
década. No entanto, muitas startups lutam para manter as operacdes e atender as expectativas dos
investidores. Esta tese explora o papel da Inteligéncia Artificial (IA) na obten¢do da Exceléncia
Operacional (OE) em startups de SaaS e examina como a adocao da IA influencia as decisdes de
investimento de capital de risco. Com base em entrevistas qualitativas com empresarios e
investidores, o estudo investiga a forma como as tecnologias de IA melhoram as capacidades da
forca de trabalho, reforcam as relacdes com os clientes, optimizam as operagdes € impulsionam a
inovagdo de produtos. Os resultados revelam que o impacto da IA vai para além da eficiéncia.
Quando implementada estrategicamente, a IA promove um ambiente mais adaptdvel, orientado por
dados e centrado no cliente, permitindo que as startups alinhem as ofertas com as demandas do
mercado. Essa maturidade operacional reflete nos investidores de capital de risco, que cada vez
mais veem métricas orientadas por IA, como custo de aquisi¢ao de clientes e valor vitalicio, como
fortes indicadores de expansdo e potencial a longo prazo. Ao detalhar a forma como a IA apoia a
EO e molda as percepcoes dos investidores, esta investigacdo enriquece o quadro tedrico do
empreendedorismo apoiado na tecnologia. Além disso, fornece informacdes tteis para os
fundadores e investidores de SaaS que procuram aproveitar a IA como uma vantagem estratégica

num cendrio digital em ripida evolucao.
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1 Introduction

1.1 Problem Statement and Research Objective

The Software-as-a-Service (SaaS) industry is experiencing rapid growth, with market value
projected to rise from $273.55 billion in 2023 to $1.23 trillion by 2032 (Fortune Business Insights,
2024). This expansion is driven by SaaS startups, the backbone of innovation within the industry.
However, only 31% of startups survive beyond five years due to challenges in aligning products
with market demands and adapting to evolving customer expectations (Park and Lee, 2017; KCA,
2018). Addressing these challenges is essential for improving startup success rates and ensuring
the sector’s long-term sustainability. Operational Excellence (OE) is a key driver of organizational
success, emphasizing efficient processes, superior service delivery, and customer satisfaction. By
contributing to resilience and competitiveness, OE helps companies reduce costs, enhance
productivity, and consistently deliver value (Lasi et al., 2014). For resource-constrained SaaS
startups, achieving OE is vital for scaling operations and meeting investor expectations. Integrating
Artificial Intelligence (AI) with OE practices offers technology companies a unique opportunity,
such as greater scalability or prioritized innovation (Chikezie et al., 2024). Al enables process
automation, advanced data analytics, and predictive capabilities, helping organizations streamline
operations, optimize resources, and gain insights previously unattainable. McKinsey & Company
(2023) notes that Al solutions can boost operational efficiency by 20-30% and cut costs by 10-
15%.

Research on Al and entrepreneurship is still in its infancy (Obschonka et al., 2024), with the
integration of Al technologies into business practices outpacing academic understanding of their
impact (Nambisan et al., 2019; Shepherd & Majchrzak, 2022). While Al adoption is expected to
grow rapidly, with 83% of SaaS providers planning to adopt AI within the next year (Superside,
2024). Its role in driving OE in SaaS startups remains understudied. Most research has focused on
established organizations, overlooking the unique challenges faced by startups. Additionally, the
impact on venture capital funding decisions remains understudied. This gap is increasingly
important as investors prioritize technological adaptability and operational efficiency in their

funding decisions (Janeway et al., 2021).



This study seeks to address these gaps by exploring the role of Al in achieving OE within SaaS
startups. It investigates how AI enhances operational dimensions such as process efficiency,
customer satisfaction, and product development while examining its broader implications for
investor perceptions and the startup ecosystem. By bridging these gaps, this research aims to
contribute to a deeper understanding of the intersection between technology and operational

strategy in the SaaS industry.

1.2 Research Questions

The following two research questions have been formulated to address the core objectives of this
study and guide the investigation into AI’s role in enhancing OE within SaaS startups and the

effects on the broader ecosystem.

1. How can Al-driven technologies support SaaS startups in achieving Operational
Excellence?
2. What role does the adoption of Al in SaaS startup operations play in venture capital

investment decisions?

This thesis will address these questions, with the first question being the primary focus of the

analysis.

1.3 Thesis Outline

This thesis follows a structured, sequential approach, beginning with an introduction that outlines
the research objectives and highlights the study’s relevance to Al applications and SaaS startups.
The literature review that follows examines existing research on the startup ecosystem, with an
emphasis on venture capital, the SaaS model, and AI’s role in OE. This theoretical background
provides the foundational knowledge necessary for a deeper analysis of the research questions. The
methodology section then explains the qualitative approach adopted in this study. Subsequently,
the findings from the expert interviews are presented and analyzed. Afterward, the main findings
are discussed in relation to existing literature, offering answers to the research questions. This
chapter also considers the practical implications of the study, as well as its limitations, and suggests
potential directions for future research. The concluding chapter then summarizes the main findings

of this study.



2 Literature Review

This entire chapter offers an overview of existing literature on startups and their investment
landscape, Software-as-a-Service (SaaS), and Operational Excellence (OE) driven by Artificial
Intelligence (Al). It establishes a foundation for examining how these elements interact to improve

operational efficiency and influence funding opportunities of SaaS startups.

2.1 Entrepreneurship and the Startup Ecosystem

In the following, startups and scaleups will be introduced, along with an exploration of a startup
ecosystem’s key characteristics and components. Additionally, a focus is on investors and funding

to provide background for the second research question.

2.1.1 Differentiation between Startups and Scaleups

Blank & Dorf (2012, p. xvii) define a startup as “a temporary organization searching for a scalable,
repeatable, and profitable business model.” Additionally, Ries (2011, p. 27) states that a startup is
“a human institution created to develop a new product or service in conditions of extreme
uncertainty.” Finally, to extend the definition further, it is crucial to highlight that a startup is an
organization with limited experience, operating with insufficient resources, and shaped by various
factors, including investors, competitors, customers, and the use of dynamic technologies (Crowne,

2002).

More specifically, startups rely on lean structures, consisting of small but highly skilled teams with
strong technical and managerial expertise, which facilitates a rapid flow of information and enables
them to adapt quickly to changes (Ojaghi et al., 2019). These companies are known for their
dynamic and innovative nature and often approach problems with an adaptive 8learning-by-doing’
mindset (Miiller et al., 2019). Startups face high levels of uncertainty and volatility, which requires
them to manage significant risks and respond quickly to emerging demands (Villa Todeschini et
al., 2017). Technology plays an important role in their business models, as startups often adopt
modern technological solutions and Industry 4.0 approaches to enhance their decision-making,
identify and solve problems, and support scalable growth (Gerhardt et al., 2021; Hofmann & Riisch,
2017).



The journey of startup involves different stages: pre-seed/seed, startup, and growth. As they evolve,
many startups transition into scaleups, characterized by their rapid revenue growth and employees
over time. Different from startups, scaleups have established services or products and typically
have been operating for at least three years. Scaleups aim for fast growth, often with the flexibility
to adapt to changes in market conditions and have access to many resources fueling their expansion
(Crnogaj & Rus, 2023). Monteiro (2019) highlights that the growth of scaleups mostly depends on
the scalability of their business models (Williamson, 1991).

The shift from startup to scaleup requires significant operational restructuring, a phase that 80% of
new companies struggle to manage (McKinsey & Company, 2021). This transition requires
strategic investments in marketing, technology, and personnel, which are critical for developing an
efficient operational framework, building a strong organizational culture, and establishing clear
strategic direction and leadership (Crnogaj & Rus, 2023; Monteiro, 2019). Success in scaling also
relies on the effectiveness of the business model, which depends on coordinated organizational
activities that generate value (McDonald & Eisenhardt, 2020; Tippmann et al., 2023; Zott et al.,
2011). Al can support this process by automating routine tasks, facilitating consumer data analysis,
enhancing advertising, and enabling Al-driven sales solutions (Chalmers et al., 2021). This
expansion of AID’s role within organizational operations provides entrepreneurs with various
advantages in their activities (Chalmers et al., 2021). Beyond operational efficiency, Al helps
entrepreneurs optimize resources, overcome limitations, and meet organizational needs
(Obschonka & Audretsch, 2020). Often referred to as the new best friend of entrepreneurs, Al’s
accessibility makes it an appealing tool for startups, enabling scalable solutions that support cost-
saving and operational improvements (Fast Company, 2021; Morantz, 2021). While internal
factors are crucial for early growth, startups also rely on the surrounding ecosystem for sustained
success. These influences on the ecosystem that came along will be examined in the following

section.

2.1.2 Definition and Components of Startup Ecosystems

An ecosystem is a community of living beings interacting with their environment (Ives & Carpenter,
2007). This concept extends to business ecosystems, which are networks of companies that
collaborate to create customer value (Moore, 1997). In the 1980s and 1990s, entrepreneurship

studies shifted from individual-focused research to community-oriented approaches, emphasizing



social, cultural, and economic influences (Aldrich, 1990; Nijkamp, 2003; Steyaert & Katz, 2004).
Van de Ven (1993) highlighted that entrepreneurial ecosystems emerge as entrepreneurs lack the

resources and functions required for venture development.

A startup ecosystem represents a more concentrated subset of the entrepreneurial ecosystem.
Although there is a significant degree of interrelatedness between startups and broader
entrepreneurship, they rely on different components. To illustrate, startups frequently necessitate
particular product development assistance that may not be essential in general entrepreneurship
(Cukier et al. 2016). Startup ecosystems can be defined as a structure composed of entrepreneurs,
institutions, and processes that are connected through formal and informal ties, supporting the
creation and development of startups. Additionally, the success and growth of startups are
influenced by the ecosystem in which they are established and operate (Grilo et al. 2017; Tripathi
et al. 2019). According to the research by Tripathi et al. (2019), eight key elements shape a startup

ecosystem, particularly in the context of software-intensive products, as presented in Figure 1.

Startup Ecosystem Elements I Role in the Startup Ecosystem

Entrepreneur Entrepreneurs are central to the startup ecosystem, driving new business ventures. They can be need-based or

opportunity-driven and are often supported by incubators and accelerators to develop business models. A balanced

mindset is crucial, as overly optimistic approaches may hinder long-term success, while realistic strategies promote
steady growth and investor confidence (Tripathi et al., 2019).

Finance Diverse funding sources, from angel investors and venture capitalists to banks, governments, and crowdfunding, are
essential to the startup ecosystem. Startups require varying types of funding throughout their development, typically
progressing through seed funding, Series A-B, and Series C-D stages, each critical for growth and scalability (Tripathi et
al., 2019).

Incubators and Accelerators Incubators and accelerators play a crucial role for early-stage founders by providing mentorship, co-working spaces, and
networking opportunities to refine ideas into viable businesses (Tripathi et al., 2019). Often based in university tech hubs,
accelerators offer resources until startups mature, fostering idea exchange and entrepreneurial activity (David-West et al.,
2018; Salamzadeh & Kawamorita, 2017).

Governments Governments support ecosystems through funding programs, while demographics like culture, language, and immigrant
populations shape entrepreneurship (Tripathi et al., 2019).

Market Startup growth relies on active users and paying customers, which are influenced by the target market. Key market factors
include local market reach (access to the local economy and cultural markets) and global market reach (expanding
beyond national borders) (Tripathi et al., 2019).

Culture Culture impacts a startup ecosystem through different factors: Diverse cultures foster creativity, GDP influences funding
access, geography provides strategic advantages, historical successes shape ecosystem growth, and immigrants bring
innovation and global skills, all of which drive startup development (Tripathi et al., 2019).

Technology Technology plays an important role in shaping startups through factors such as geography, support from established
companies, founders’ expertise, industry focus, and innovation. Startups often leverage existing technologies and
standardized practices to develop scalable products and align with technology-driven industries (Tripathi et al., 2019).

Human Capital Human capital development is closely linked to these factors, shaped by education, experience, and government policies,
which collectively nurture entrepreneurial talent. Technology and entrepreneurs themselves are also vital, driving
innovation and the creation of new businesses (Tripathi et al., 2019).

Figure 1: Key Elements of a Startup Ecosystem (own illustration)



As this thesis explores possible Al integrations that lead to OE, the focus is on SaaS startups with
already established operational structures. According to Belluci et al. (2021), Sulillari (2023c¢), and
Tripathi et al. (2019), for high-tech startups in their growth and expansion phase, venture capital
(VC) is one of the most important funding sources, which will be examined in the subsequent

section.

2.1.3 Venture Capital Investment Decisions

In contrast to alternative sources of finance, venture capitalists (VCs) provide not only financial
backing but industry expertise and access to extensive networks. Such connections enable startups
to enhance their credibility, attract further investors, partners, or clients, and thereby improve their
long-term prospects for success (Sulillari, 2024). Despite the attractiveness of VC as a funding
route, Minaev (2022) highlights the difficulties associated with obtaining VC funding, as only
approximately 1% of startups can successfully secure such funding. This limited access has resulted
in intense competition to obtain VC support, which has further been intensified by the growing

number of startups (Sulillari, 2024).

Several factors influence a startup's ability to secure VC funding, including the diversity of the
VC's network, which can affect the funding amount (Alexy et al., 2011). Startup characteristics,
such as prestigious grants or other recognitions, signal credibility and potential success, ensure that
they appear more attractive to VCs (Islam et al., 2018). External factors like the macroeconomic
environment, regulatory changes, technological advancements, and liquidity shocks also contribute
to VCs investment decisions (Conti et al., 2016; Janeway et al., 2021). In addition, the skills and
experience of the startup’s founders, the size and growth rate of the target market, product
scalability, and the quality of the management team are significant factors that can influence VCs
interest (Prohorovs et al., 2018; Miloud et al., 2012). Concerning valuation and performance
metrics, Zhao (2023) states that the internal rate of return (IRR) and price-to-earnings ratio are
common metrics, while discounted cash flow and net present value are only used limited.

Additionally, 10% of VCs rely on no formal metrics at all to assess a startup’s value (Zhao, 2023).

VC is particularly suited for startups with high growth potential and scalability (Ganguly, 2022).
For SaaS companies, VC support throughout various funding stages can significantly facilitate
scaling (Cavallo et al., 2019; Ganguly, 2022). The subsequent section, therefore, presents the

characteristics of SaaS business models.



2.2 Cloud Computing and the Software-as-a-Service Model

To better understand the research topic, SaaS startups, this section provides an understanding of
cloud service models, including Platform-as-a-Service (PaaS), Infrastructure-as-a-Service (IaaS),

and finally SaaS.

2.2.1 The Rise of Cloud Computing and its Service Models

The Internet has been an impetus for the development of numerous technological innovations.
Arguably, one of the most discussed among all of these is Cloud Computing (CC). Many
researchers (Ghosh et al., 2012; Mitchell & Meggison, 2014; Sarea & Taufig-Hail, 2021; Simamora
& Sarmedy, 2015) follow the definition of the National Institute of Standards and Technology,
stating that “Cloud Computing is a model for enabling convenient, on-demand network access to
a shared pool of configurable computing resources (e.g., networks, servers, storage, applications,
and services) that can be rapidly provisioned and released with minimal management effort or
cloud provider interaction” (Mell & Grance, 2011, p. 2). It combines technology, a hosting platform,
and a service on the Internet (Lamba & Singh, 2011), enabling the need for users to own the

infrastructure for many different computing services.

A common classification in CC is service models, summarized as Everything- or Anything-as-a-
Service (XaaS), as noted by Chen et al. (2022) and Duan et al. (2016). Following the definition of
Paasivaar et al. (2014), XaaS describes the range of applications and services that are becoming
available to users on demand via the Internet. Three of the most common service models in terms
of CC (Duan et al., 2016) are displayed in Figure 2, sorted according to their level of abstraction,

while each higher level comprises the levels below it (Ruparelia, 2016).

Software-as-
a-Service

Platform-as-
a-Service

Infrastructure-as-
a-Service

Figure 2: Abstraction Levels of Service Models (modified from Ruparelia, 2016)



The bottom layer, laaS, provides hardware resources like networks, servers, or storage for running
software, but users do not manage the underlying infrastructure. PaaS abstracts this, enabling
application deployment and management without handling the infrastructure (Mell & Grance,
2011). SaaS, the topmost layer, generates the largest proportion of revenue within the global CC
market (Statista, 2024). It is characterized by consumers using cloud applications via the web or
interfaces, with limited control over the underlying infrastructure (Mell & Grance, 2011). In
contrast to the other two service models, SaaS is less customizable, easier to use, and requires less
technical background to be run by the client (Schneider & Sunyaev, 2016). As this research focuses

on SaaS startups, the following section will undertake a detailed examination of this service model.

2.2.2 Particularities of Software-as-a-Service Companies

The advent of the SaaS model has significantly shifted the software industry. According to Ju et al.
(2010), one of the biggest changes is the transition from a product-centric approach to a service-
based mentality. Unlike traditional software providers, SaaS vendors are responsible for
developing applications and delivering the entire customer experience, including training,
implementation, maintenance, security services and hosting. For example, Microsoft’s transition
to a SaaS provider with its first product, the Business Productivity Online Suite (Lai, 2009),
allowed the company to maintain its market dominance and achieve a $2.3 trillion market

capitalization by 2023 (Statista, 2024).

Within the SaaS environment, recurring revenue models are popular (Khare & Arora, 2024). More
specifically, a subscription-based model is most adopted by SaaS companies, whereby customers
pay monthly fees that cover the application license, software maintenance, and support costs (Ju et
al., 2010). In their study, Li & Kumar (2022) identify a range of other pricing options, including
low-cost plans and free trials, as potential strategies for attracting new customers. This pricing
flexibility is a fundamental aspect of SaaS business models, enabling customers to evaluate basic
services before committing to premium offerings (Li & Kumar, 2022). Additionally, it is possible
to adopt other revenue models, such as a success-based revenue model, which is based on the

vendor’s success and directly correlates with the customer’s satisfaction (Ju et al., 2010).

Moreover, a significant number of customers first utilize basic SaaS applications before
transitioning to more sophisticated ones. This implies that SaaS providers initially offer these basic

services at competitive prices to help customers succeed and then expand their service portfolio.



To ensure recurring transactions, SaaS companies offer supplementary components to the
fundamental service, like a premium SaaS platform, to enhance the overall value proposition
(Dempsey & Kelliher, 2018). To identify the most suitable additional service packages, SaaS
companies must have detailed knowledge of customer needs and preferences. Nevertheless,
customization of SaaS solutions can be challenging for startups, as they must cater to a broad user
base with disparate requirements. Even though there are various customization options, tailoring
these solutions to the specific needs of each customer is a challenging task for the providers (Li &

Kumar, 2022).

Khare and Arora (2024) highlight that, due to the recurring revenue model, customer retention is
essential for the long-term success of SaaS providers, especially considering the relatively high
customer acquisition costs (CAC) related to sales, marketing, and customer training. As a result,
SaaS companies must focus on maximizing customer lifetime value (CLV) to ensure long-term
profitability (Khare & Arora, 2024). Furthermore, the churn rate, the rate at which customers cancel
their subscriptions, is a vital metric for SaaS companies (Xiao et al., 2020). Because there are no
upfront investments such as hardware or software for the customer (Ju et al., 2010), switching costs
remain low (Khare & Arora, 2024). Consequently, dissatisfied customers can easily switch to
competitors, which is why SaaS companies must prioritize customer satisfaction and loyalty to
build commitment to their own solutions (Dempsey & Kelliher, 2018; Khare & Arora, 2024; Xiao
et al., 2020). To bolster such commitments, it is crucial to offer cost reimbursement and efficient
customer service (Xiao et al., 2020). The quality and capacity of services can be enhanced through

ongoing improvements (Li et al., 2018).

Furthermore, scalability is a defining feature of SaaS. As mentioned, SaaS applications are cloud-
based, enabling them to scale rapidly in response to user demands. This elasticity provides cost
efficiency, as SaaS companies can adjust their resources following customer needs (Li & Kumar,
2022). Additionally, economies of scale can be exploited through server load balancing and cost-
sharing (Ge & Huang, 2014). While the multitenant architecture, where multiple clients utilize the
same software simultaneously, facilitates economies of scale, it simultaneously gives rise to
consumer mismatch costs as well as security and data privacy challenges (Chou & Chou, 2007).
However, access to large amounts of data is also an advantage for SaaS companies, as they employ

user-generated data for continuous improvement. This data enables SaaS providers to analyze



customer behavior and make data-driven decisions to enhance both the product and the user
experience (UX). The capacity to continuously update and improve the service without user

intervention represents a key advantage of the SaaS model (Li & Kumar, 2022).

After establishing a profound understanding of the SaaS model and its potential challenges, it is
important to understand which operational areas could be enhanced by applying Al and to what

extent this has already been researched in other business areas.

2.3 Impact of Artificial Intelligence on Operational Excellence

This section will present the existing literature on Al technologies and their contribution to
achieving operational efficiency. To enable a thorough analysis of their impact in the later stages
of this thesis, key concepts will first be defined, followed by an overview of the foundational

technologies and other critical factors.

2.3.1 Definition and Key Technologies of Artificial Intelligence

In the context of rapid technological progress, certain innovations impact societies, drive economic
growth, and lead to new eras of advancement (Bresnahan & Trajtenberg, 1995; Klinger et al., 2021;
Sharma, 2023). Known as General Purpose Technologies (GPTs), these innovations act as engines
of growth (Brynjolfsson, 2021) with broad applicability across sectors and high technological
strength (Bresnahan & Trajtenberg, 1995). The latest and highly impactful GPT is Al, which fulfills
key GPT criteria such as pervasiveness, continuous improvement, and the potential to spur

complementary innovations (Brynjolfsson, 2021; Klinger et al., 2021; Sharma, 2023).

Kaplan and Haenlein (2019, p. 17) describe Al as “a system’s ability to interpret external data
correctly, to learn from such data, and to use those learnings to achieve specific goals and tasks
through flexible adaptation”. This highlights AI’s capacity for learning and adaptation, setting it
apart from traditional systems that depend on fixed instructions. Similarly, Baek et al. (2023, p.
918), building on Byun (2017) and Russell (2015), emphasize AI’s potential to “automate
intelligent human behavior, replace human tasks with advantage from machines, build automated

2

platforms and systems that detect and execute complex and diverse environments,” enabling

machines to address complex problems with human-like reasoning and understanding.
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The implementation of Al in business is driven by several key technologies that can enable
companies to improve their operations. However, it must be noted that the specific tools or
combinations of tools employed may vary considerably, depending on the requirements of the

given context and the availability of relevant data (Taddy, 2018).

Benbya et al. (2020) outline several key Al techniques: Machine learning (ML), a subsection of
computer science, involves creating algorithms that learn from data and make predictions. Often
regarded as the “engine” of Al, ML detects patterns in unstructured data to produce predictions,
supporting applications like predictive analytics, customer retention, user experience optimization,
and marketing analysis. Deep learning (DL), a subset of ML, leverages multi-layered neural
networks to process large datasets and manage complex tasks. Within DL, generative Al (GenAl),
like ChatGPT, stands out for creating content, such as text, images, and music (Stryker &
Scapicchio, 2024). In this context, Large Language Models (LLMs), specific DL algorithms trained
on massive amounts of textual data, also drive innovation by using extensive datasets to generate
human-like text, facilitating Natural Language Processing (NLP) tasks. NLP enables machines to
comprehend and interact with human language, which is crucial for chatbots, virtual assistants, and
automated customer service. This Conversational Al technology enhances the efficiency and
scalability of customer interactions and is applied across various fields, including finance, retail,

and healthcare (Benbya et al., 2020).

Another Al technology is robotic process automation (RPA), where repetitive tasks are automated,
making certain human skills obsolete (Faraj et al., 2018). For example, tasks like data entry, billing,
and customer support ticketing (Benbya et al. 2020) no longer require human support as these
applications are capable of undertaking human judgment (Faraj et al., 2018). Kibria et al. (2018)
stress that RPA allows businesses to adopt innovative technologies, reconfigure resources, help
organizations identify new revenue streams, and improve their strategic planning, productivity, and

decision-making.

The last technology is predictive analytics, a key aspect of modern data science. This Al-driven
tool employs historical data to project future trends and behaviors. Companies can use predictive
analytics to anticipate customer churn, optimize infrastructure, and manage customer lifecycles

more effectively, thereby maintaining profitability while scaling (Chalmers et al., 2021).
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The overarching objective of Al across all these technologies is to facilitate learning, prediction,
and automation to enable businesses to operate more efficiently and responsive to market demands
while directing resources toward innovation and growth (Taddy, 2018). To understand where Al
can enhance SaaS startups’ operations, the subsequent section focuses on the concept of OE and

its key areas.

2.3.2 The Concept of Operational Excellence

According to Dawei (2011), alongside other elements like strategic fit, unique voice, and capability
to adapt, OE is one component of business excellence. It represents an ideal state for organizations,
focusing on continuous improvement in the areas critical for achieving business and mission
success. Wiersema & Treacy (1993) characterize OE as a strategy that enables companies to
maintain superior quality, competitive pricing, and unique service offerings within their industry.
The interpretation of OE can vary across companies and industries, with each organization defining
OE based on its unique priorities and perspective (Mitchell, 2015). According to Russell & Koch
(2009), OE 1is the pursuit of operational efficiency through enhanced processes, faster outcomes,
and cost reductions. Traditionally associated with optimizing processes, production, and
manufacturing, OE has evolved into a key factor in driving profitability and competitive advantage
across all industries (Russell & Koch, 2009; Yew & Ahmad, 2014). For instance, technology
companies can significantly benefit from OE by optimizing processes, minimizing waste, and
efficiently delivering high-quality products (Chikezie et al., 2024). In this context, different
frameworks can be applied to help improve processes, deliver products and services, and increase
efficiency. The most common method is Lean, which focuses on reducing waste while optimizing
processes for better customer value through feedback loops and iteration. Total Quality
Management (TQM) framework contributes to OE through continuous improvements, involving
employees in quality processes and customer satisfaction, while Six Sigma improves quality
through data-driven decision-making (Chikezie et al., 2024). Consequently, achieving OE requires
a strategic vision and an alignment of processes, people, and technology with the organizational

strategy to achieve lasting improvements (Barua et al., 2014).

To illustrate how to achieve OE by involving different parties and business operations, Dahlgaard

& Dahlgaard (1999) created the 4Ps model (Figure 3).
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Operational Excellence

+» Products

Process

Partnership

People

Leadership

Figure 3: 4Ps of Operational Excellence (modified from Dahlgaard & Dahlgaard, 1999)

For this thesis, the model helps identify the key areas of operations to be further researched. The
model consists of excellent “People” who form strong “Partnerships” with suppliers, customers,
and society. These partnerships foster excellent “Processes”, which relate to key business and
management operations and ultimately lead to excellent “Products” that satisfy and delight
customers (Dahlgaard & Dahlgaard, 1999). The model additionally highlights how leadership can
drive organizational excellence by using these four components to achieve overall success.
However, as this study focuses on the operational perspective, “Leadership” will not further be

covered further.

2.3.3 Artificial Intelligence as a Driver for Operational Excellence

For this section, entrepreneurial literature, as well as general management literature, was examined
to get a comprehensive overview of where Al already supports companies in achieving OE. It is
important to note that in this context no studies focusing explicitly on SaaS startups were found.
Therefore, the following will give a general overview of the current situation, while this study

explores specifics on SaaS startups in the exploratory research later on.

Research shows that achieving OE with the help of Al primarily happens through advanced
algorithms, automation, and self-healing protocols which enable companies to forecast customer
needs and gain insights into market behavior, which are key advantages in competitive sectors like
software (Rusev & Salonitis, 2016; Shehadeh et al., 2016). For example, Al-driven algorithms
assist in predicting customer churn and refining retention strategies (Shehadeh et al., 2016).

Moreover, automation and self-healing systems proactively identify and resolve issues, minimizing
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downtime and improving reliability (Rusev & Salonitis, 2016). McKinsey & Company (2021)
highlights that Al initiatives can reduce costs and increase revenue, particularly in areas like supply
chain management, service operations, and product development. IBM’s self-healing Al systems,
for instance, lower operational costs by addressing IT problems before they escalate, increasing

both efficiency and reliability (Lee et al., 2018).

As mentioned, customer engagement and relationship management play a pivotal role in SaaS
models and can be enhanced through several Al use cases. By analyzing extensive customer data,
Al enables personalized experiences and marketing, which are increasingly important for customer
satisfaction and retention (Makar, 2023; Usman et al., 2024). Virtual assistants and chatbots
powered by NLP contribute to seamless customer interactions, automating routine inquiries and
guiding users through processes like product selection and checkout (Liang et al., 2019; Singh et
al., 2019). This dual effect of cost efficiency and personalized service highlights AI’s operational
impact (Makar, 2023).

Al also transforms market analysis by facilitating real-time data processing and predictive
modeling, uncovering insights that traditional methods might miss (Rathore, 2020; Bharadiya,
2023). Through advanced data analytics, businesses can better understand customer preferences

and market trends, enabling faster, data-informed decisions (Giuggioli & Pellegrini, 2023).

Understanding the customer is essential to effective product development. Additionally, Al
contributes to OE by expediting ideation, prototyping, and customization. It utilizes customer and
market data to create tailored products that increase satisfaction and foster loyalty (Nassar &
Kamal, 2021; Zhao et al., 2020). Moreover, automation and self-healing systems proactively
identify and resolve issues, minimizing downtime and improving reliability (Rusev & Salonitis,

2016).

In terms of optimizing operational processes towards OE, Al significantly enhances efficiency by
automating repetitive tasks, generating insights, and supporting predictive analytics. For instance,
Al can streamline HR functions like employee screening and training through people analytics

(Pereira et al., 2021).

While Al offers these benefits, limitations are also present. Al systems, especially those based on

complex algorithms such as deep learning, often lack transparency, creating a “black box” effect
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(Wachter et al., 2021). Additionally, inherent biases in training data can lead to skewed outcomes
(Akter et al., 2021; Varona & Sudrez, 2022). Privacy and security concerns are significant, as Al
systems’ data processing capabilities raise questions about data protection, re-identification risks,

and cybersecurity vulnerabilities (Bogoviz, 2020; Carmody et al., 2021; Wright & Xie, 2019)

These literature findings indicate that Al has the potential to improve all four key areas of the 4Ps
of OE. Besides this main research area, the study aims to offer an additional perspective on the
topic by examining the investment perception of VCs towards operational Al in SaaS startups as
part of the broader startup ecosystem. The following part will introduce the research methodology

of this study.
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3 Research Methods

To guarantee the transparency and reliability of the findings, this chapter provides an overview of
the research design, the data collection as well as the data analysis. Thereby, qualitative research
was selected as the methodology of choice to gain a deep and practical understanding of the

application of Al technologies in SaaS startups and their impact on VCs’ funding decisions.

3.1 Research Design

Qualitative research in the form of in-depth interviews was conducted as it allows for a more
detailed exploration of themes (Berger-Gabner, 2016) and a more accurate representation of
practice through the subjective and individual perspectives of the interview participants (Doring &
Bortz, 2016). As mentioned by Harrison & Corley (2011, p. 410), qualitative research aims to
provide “local (i.e. realistic and precise) interpretations of a phenomenon” and offers interpretation,
description, and explanation (Chiva et al., 2014). Silverman (2000) supports this, pointing out that

a qualitative research approach is an optimal method for addressing “how” and “why” questions.

Given the broad range of Al applications and the rapid pace of their development, this research
design effectively collects, explains, compares, and presents Al applications, challenges, and
learnings in SaaS startups. To ensure proper execution, two semi-structured interview guides were
developed based on the theoretical analysis. This interview type aligns well with the study’s
inductive research design, offering flexibility to uncover new knowledge as conversations evolve
(Saunders et al., 2015). Gioia et al. (2013, p. 19) highlight the advantage of “obtain[ing] both
retrospective and real-time accounts by those people experiencing the phenomenon of theoretical
interest.” In line with the Gioia methodology (GM), the guides were not standardized but adapted
to the flow of conversation and emerging findings. Additional questions were asked to explore
insights based on initial responses. The SaaS interview guide comprised three sections, with the
second addressing the first research question through seven main questions and sub-questions. The
VC guide included five parts and eleven questions, focusing on Al in SaaS startups, success metrics,

and Al risk assessment in parts two to four.
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3.2 Sampling and Data Collection

To answer the first research question, SaaS startups were selected through a purposive sampling

procedure according to the criteria mentioned in Figure 4 (Emory & Cooper, 1991).

Factor | Criteria

Company Stage 1-7 years in operation

Nr. of Emoployes 2-50 employees

Industry Diverse selection within SaaS startups

Geographic Location | Mix of locations

Figure 4: Selection Criteria for SaaS Startups (own illustration)

For the second research question, VCs focusing on SaaS startups were purposely selected and
contacted. In addition, other sampling techniques, such as the snowball method, were employed to
identify exemplary instances of the phenomenon of interest (Patton, 2014) while simultaneously
reducing sampling error through word-of-mouth recommendations (Creswell, 1998). For this

research, 18 interviews, 13 SaaS startups, and five VCs, were conducted (Figure 5).

[ Nr. Position Company Area l Referred to as
1 Head of Operations SaaS RK
2 CTO SaaS GK
3 Co-Founder & Head of Marketing SaaS TA

' 4 ' Co-Founder & CEO . SaaS . OD
5 Head of GTM & Growth SaaS NP
6 Co-Founder & CEO SaaS BW
7 Founder & CMO SaaS AH
8 Product Analyst “ SaaS . AM
9 Founder SaaS AN
10 Product Manager SaaS ML
11 Founder SaaS DW

- 12 | Head of Sales “ SaaS HK
13 Founder & Board Member SaaS RM
14 Founding Partner vC FF
15 Senior Investment Manager vC MM
16 Investment Manager . vC PR
17 Investment Manager vC IS
18 Platform Analyst vC CB

Figure 5: Overview of Interview Partners (own illustration)

17



The SaaS interviews concluded after 13 sessions, as no new themes emerged, indicating data
saturation. Although 27 VCs and two VC associations were contacted, only five participated. While
this limited response may not achieve full data saturation, recurring topics and themes suggest a
degree of consistency. As the VC perspective primarily supplements the focus on Al in SaaS
startups, it successfully provides additional context to the broader startup ecosystem. The
interviewees were contacted via email, LinkedIn, or third-party connections. Data was collected
from 12.11.2024 to 06.12.2024, with interviews lasting on average 30 minutes. Conducted online
via Microsoft Teams and Google Meet, interviews were recorded with consent and transcribed
using Microsoft Word's transcription feature and Wisper.ai. Since the focus was on analyzing the
content of the conversation, simplified transcription rules were used to provide quicker access to
what was said. During the transcription, the semantic rule deduced the content, suitable for

developing content, topics, and knowledge (Dresig & Pehl, 2018).

3.3 Data Analysis

To respond to the research questions and analyze the qualitative data collected, this study employed
the GM for qualitative data analysis, which is based on interpretive research. The aim was to
capture respondents’ understandings, aligning with this study’s goal of exploring ways SaaS
startups use Al to nurture OE and VC funding perceptions (Gioia et al., 2013; Langley & Abdallah,
2011). Although the method is rooted in grounded theory (Glaser et al., 1968; Strauss & Corbin,
1990), Gioia et al. (2013) developed a specific approach for inductive research to generate new
concepts (Figure 6). The methodology involves coding interview transcripts to identify First-Order
Concepts, which progress to Second-Order Themes and then Aggregate Dimensions. Using the
software MAXQDA, excerpts were extracted, grouped into First-Order Concepts in Excel, and
refined. Second-Order Themes were then developed by iteratively combining concepts to create a
conceptual framework. These themes were categorized for abstraction, leading to Aggregate
Dimensions as the foundation for the data structure. Finally, a data structure (Appendix A) was

created to visualize the emerging concepts and their development process (Gioia et al., 2013).

: Initial coding Development of 59 Axial coding of Categorization :
kﬁmfdﬁg ?ﬂcdls of transcripts First-Order First-Order of Second- Cr:aél:t: ot
i xxllnerviews with Concepts by open Concepts to Order Themes Suchieto

res ulg.in in 130 pages MAXQDA, coding and constant arrive at 19 into 7 visualize the
of t%ans o tl; & receiving 451 comparison with Second-Order Aggregate aralosic
P initial codes the initial codes Themes Dimensions Y

Figure 6: Overview of the Data Analysis Steps, based on Gioia et al. (2013)
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4 Results

This chapter presents the results of the interviews, supported by secondary data. Following the GM,
the subsequent sections display the broken-down data structure at an Aggregate Dimension level.
The first part of this chapter focuses on the primary research regarding the use of Al in SaaS
startups. The second part provides insights into investment decisions and VC funding perceptions

related to the use of operational Al in SaaS startups.

4.1 AI Contributions to OE in SaaS Startups

The first research question concerns the application of Al for OE, the results are presented in four

subsections aligning with the 4Ps of OE: people, partnerships, process, and product.

4.1.1 People

As shown in Figure 7, Al influences the people dimension within the 4Ps framework by improving

communication and content creation, supporting employee training, and changing work dynamics.

First-Order Concepts Second-Order Themes Aggregate Dimension

« Al supporting onboarding and training by providing quick

) ‘ Employee Training and \

information . . K
Information Gathering i !

« Gathering information and support in problem-solving through Al

= GenAl for content creation and copy writing \\\
« Al for writing or redefining messages and emails both for internal and 3
external communication \\
« Al for better high-quality text output, especially for non-natives in a AlI-Enhanced Content \\
specific language ) . . People
« Speeding up outbound marketing by automating this process with the Creation and Communication 7|
use of Al yi
« Using Al for product descriptions, keywords. also in different ,/

languags

« Shifting employee focus through Al-driven task automation /
» Balancing automation with human oversight for quality control ) ‘ Changing Work Dynamics
» Improving quality of work

Figure 7: Data Structure first SaaS Aggregate Dimension

AT’s ability to serve as an instant source of knowledge enables employees to overcome skill gaps
and adapt to their roles more quickly. Giving employees access to LLM “where they can ask
questions, [&] helps them to speed up their working process” (RK). Additionally, LLMs function
as onboarding and training support for new employees, as “Al can give the same if not even a better

answer than colleagues” (GK). Consequently, using Al reduces learning curves and allows
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employees to operate with greater confidence early in their roles. AI’s problem-solving capabilities
further contribute to employee autonomy. Al fosters a self-directed learning and problem-solving

culture by offering resources tailored to specific needs:

“For technical decisions, I use Al quite a lot. I9m still at the beginning of my career [&]
and still don’t know everything. So if we have some problems that we need to solve with

like a technical approach, I use Al.” (GK)

Furthermore, GenAl facilitates the creation of high-quality content in a time-efficient manner. One
founder noted, “I am not a copywriter. Let’s say I know what I want to write [&], but without Al
it would definitely take like 3-4 hours to create a decent article” (AN). Additionally, advances in
email communication are evident. Not only do non-native speakers benefit from Al by improving
their writing, leading to better external communication, but Al also speeds up outbound marketing
activities. “We are sending between 2000 to 5000 emails a week. Before Al every member of the
team had to block two to three hours to go through every email” (NP). Furthermore, Al is used for

different translation purposes, such as product descriptions or keyword creation:

“One of the features of OpenAl is that it can translate from different languages. [...][even
though] all of the explanation is in Japanese, Al can still understand it and transfer it to
English and general English keywords. Without it, I need to find another team of translators.
I don’t know what the cost of this task would be without AL ” (AM)

Integrating Al into workflows leads to adjustments in employee roles, responsibilities and work
dynamics. Al automates repetitive and time-consuming tasks, freeing employees to focus on more
strategic or creative activities. “It means specialists will have more time to do other tasks or focus
on more complex projects” (AH). This was complemented by AM saying, “Al can be some kind
of assistant, maybe on a junior/middle level, that can solve your small urgent problems.” At the
same time, human intervention remains important “for quality control and for handling nuanced
customer interactions that require empathy and understanding” (OD). Lastly, respondents
emphasized how Al improves the overall quality of work by enabling more consistent and efficient
processes. One interviewee shared, “If people think differently and use Al, they can make their

work not just faster and efficient but also improve it” (RK).

20



4.1.2 Partnerships

The findings indicate improvements in the relationship with customers by driving customer

engagement, personalization, and customer service operations (Figure 8).

First-Order Concepts Second-Order Themes Aggregate Dimension

« Al enables more efficient feedback analysis

= Sentiment analysis using Al for better and more tailored customer :
interactions Al-Driven Customer

« More customized communication through automating A/B testing ) Engaggmenl & Personalization |

« Personalizing outreach efforts for customers using Al-driven tools L

= Al supporting brand awareness and establishing brand strategy

) Partnerships

« Increating efficiency and improving customer experience by using IVR
systems for customer queries

= Saving time by using Al in customer service for ticketing

« Chatbot for customer service enhancement

) ‘ Improved Customer Service

Figure 8: Data Structure second SaaS Aggregate Dimension

Firstly, Al improves customer engagement. Through analyzing feedback with the help of Al,
customer needs and pain points can be understood and addressed more effectively. A Product

Manager stated,

“If I don’t understand what the actual problem is I go to ChatGPT and try to kind of get
more sense out of it [and ask] which kind of problem is underlying there? And then give me

next steps to validate how which solution would solve this problem best.” (ML)

Additionally, the amount of analyzed feedback can be increased through Al “Only 5-10% of
feedbacks are currently analyzed while 100% can be analyzed thanks to Al, which brings more
customer knowledge and then more capacity to prevent churn” (OD). In this context, sentiment
analysis was highlighted to deliver more tailored and personal relations, as “[it] is a powerful tool
for understanding the emotional tone of customer interactions” (DW). OD additionally explained:

“Patterns have shown that personalized interactions, that were made possible by Al-driven
sentiment analysis and language recognition, correlate strongly with customer loyalty.”
Furthermore, startups benefit from Al in developing branding strategies and raising awareness. As
one participant noted, “If you want to establish a brand you need brand awareness basically and
before Al it was so much work but now I talk a lot [...] with our Al in order to do that” (TA) and
added, “Al benchmarks our thoughts and provides options to visualize ideas [or] refine brand
names” (TA). Additionally, Al is beneficial in automating A/B testing, enabling “customize[ed]
communication for millions of consumers across devices, platforms, and channels” (HK). Several

respondents shared that Al is being used for crawling LinkedIn profiles and websites to identify
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specific information like contact details. One specific use case is email outreach: “We noticed reply
rates go down [so] we can use Al to crawl LinkedIn profiles, look for specific signals, and create

personalized outreach emails” (AN).

The second theme is concerned with Al improving customer service. Al tools like IVR systems
and chatbots streamline interactions with faster, more accurate responses: “Al helps us route
customer queries more efficiently in IVR systems using speech recognition, which reduced the wait
times and improved the overall experience” (OD). At the same time, three other startups noted the
value of Al for ticketing. Especially the benefit of suggesting and answering customer tickets
automatically but also smartly categorizing them, resulting in time savings. In the context of
answering customer inquiries, chatbots were frequently named, as they provide information in real-

time, leading to greater customer satisfaction.

4.1.3 Process

Figure 9 illustrates that process excellence can be achieved through three themes but reveals

challenges and potential solutions to them.

First-Order Concepts Second-Order Themes Aggregate Dimension

« Task optimization and automating repetitive and routine tasks for
improved efficiency

+ Cost benefits through Al due to less people and stakeholder being
involved

« Revenue / competitiveness / scaling

» Combination of general and specific models for specific use cases

) |Al for Operational Efficiency 1}

+ Al as a tool for data analysis, synthesis, optimization, normalization,
processing

= Application of Al for Intelligent Document Processing

« Using Al for customer data collection and the creation of marketing
reports

Competitive Advantage as
) Additional Opportunity

Process

« Using predictive analytics for trend recognition ) Predictive and Proactive I = Fd
« Translating customer feedback into actionable development tasks Decjsign.Makjng

« Importance of well-structured processes and codes

« Achieving Al model accuracy through training and monitoring as well
as feedback loops

« Ensuring Al reliability and avoiding overtrust

« Security challenges in handling data for Al implementation

) Trustworthy and Transparent
Al Processes

Figure 9: Data Structure third SaaS Aggregate Dimension

The first theme highlights that AI enhances the operational efficiency of SaaS startups by
optimizing tasks, enabling teams to work more efficiently. “The biggest importance for us is saving
time, and that’s why we have task optimization” (HK). The automation of repetitive tasks is another

benefit. Examples include contract management, data pre-processing, and model validation. OD
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shared, “Our internal processes are also enhanced through Al-driven optimizations, such as
automating repetitive tasks [...] and continually adjusting for efficiency”. Another noted, “Al can
manage contract renewals by automating alerts, drafting contracts, notifying clients, and handling
signatures” (RM). Cost savings through AI were highlighted, as using Al applications reduces
reliance on other human resources such as experts, designers, or agencies: “With the use of Al, you
don’t need to talk to a lot of agencies, and this obviously also ends up being a lot cheaper for us at
the end” (AM). Additionally, Al drives scalability by allowing operations to handle greater
capacities like customers or products. “If you want to do this for 1000 or 5000 people a week, you

need huge processes that use Al, specific tools, automation, APIs” (DW). HK highlighted,

“Usually, we would start off with one product, and then the whole challenge is to scale that
from 1 to 50, from 50 to 500, and 500 to 1000. But at day one, we don't start off with one.
The beauty of Al is, that this IT provides us that leverage, that room, to scale up the whole

operations.” (HK)

This further results in competitiveness and can be used as a catalyst for future growth. As stated,
“Embracing Al ensures competitiveness and success, we will undoubtedly continue to invest in Al
capabilities” (OD). Another referred to growth, saying, “The most benefit is using Al as a growth
feature for the company” (RM). Of importance is the possibility of customized AI models to
improve solutions for specific use cases. The combination of general and specific models solves
additional hurdles: “We solved this by implementing a Compound Al approach, which combines

LLMs with smaller, more efficient models for specific use cases” (OD).

When looking closer at SaaS, it became evident that data management and analytics benefit heavily
from Al Analyzing, normalizing, and processing data, such as clustering or mapping it, can be
taken over by various Al models: “For is data normalization [...] you upload a CSV and say,
‘Check it” or ‘Make it all in this format,” ‘Remove duplicates, ‘ etc. as it is super logical, Al can
handle it very well”” (RK). Furthermore, Al simplifies working with large amounts of data: “If you
have to do some manual data work, like work with a large data set and getting insights out of it
[&] this is where you can benefit a lot from AI” (GK). Several respondents pointed out AI’s ability
to work with documents. BW explained, “Customers just upload those documents and then we
have an Al processing algorithm, that is basically organizing the documents and then extracting

different attributes out of those documents.” In the context of data processing, marketing activities
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are being enhanced by Al, as “It collects data for us, customer data, and gives us specific reports

for some KPIs that we can define, like bounce rate, average session duration time” (TA).

Furthermore, Al supports predictive and proactive decision-making in SaaS startups, helping
organizations detect future trends and translate customer feedback into actionable insights for
continuous improvement. TA emphasized, “Al helps us match our understanding and predictions
with market trends by providing historical data and predictive analytics”. This capability improves
informed decision-making by offering foresight into emerging patterns and shifts in the market.
AN highlighted, “We must understand the journey of the market we 're entering [&] with Al, we
predict how trends will develop.” In addition, Al facilitates the product decision-making process,
as it helps translate customer feedback into actionable development tasks by processing data, which
enables continuous product improvement. ML described this workflow: “With Al product
development translates customer feedback into specific instructions for developers.” Another

explained,

“We funnel KPIs, discuss them with the sales team, and leverage this data to improve
customer service management. Then we give it back to development, gain insights, and

improve the builder.” (TA)

Within the interviews, it became clear that Al systems must be trustworthy and transparent to
support processes effectively: “Al excels when the process is well-structured. It’s not a silver bullet
but rather a powerful tool that amplifies well-designed workflows” (HK). High-quality data is
equally critical: What is really important is that you have good data and in our case, data is our
code, our code base” (GK). Al accuracy also relies on continuous training, monitoring, and
feedback loops. “For training the Al, we try to collect as much data as possible. And then we also
have to make sure that we narrow down that data” (RK). Data reliability can be enhanced through
post-processing checks and manual evaluations: “We would check manually, take products where
we know the exact text code and compare the result based on human decisions” (BW). Furthermore,
ensuring Al reliability and avoiding overtrust remains a challenge. Participants stressed the issue
that Al is “not deterministic. You can run the same input ten times and get ten different results”
(HK). To mitigate these risks of inconsistent or unpredictable results, human oversight is critical.
Finally, security challenges in handling data for AI implementation emerged as a significant

concern, particularly regarding the secure handling of sensitive data for bigger clients, stating that
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“enterprises will definitely be concerned about where this data goes” (HK). Nevertheless, one
effective solution to privacy concerns is data anonymization, which involves removing identifiable
details or limiting data granularity. One participant shared, “We are trying to use no personal
information at all till we have [&] more specific laws here” (AM). Another explained, “We use
geographical data and take it up until the city so it’s not really a privacy concern” (PK). While
anonymization ensures compliance and mitigates risks, restricting data usability can be a solution:
“Data that is private, we store it in the database that we do not want to share, meaning you are

limited with what you can do with this data” (GK).

4.1.4 Product

Figure 10 shows how Al improves the 4P product dimension by driving innovation in product

management and simplifying coding and UX.
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Figure 10: Data Structure fourth SaaS Aggregate Dimension

The first theme shows how Al affects product innovation and management. It first contributes to
idea generation and structuring in product development. It was mentioned that Al tools support
brainstorming, competitor analysis, product research, and “to get ideas of something that we don’t
have on our agenda or which we have not thought about” (TA). A Product Manager highlighted
the process of creating Product Requirement Documents (PRDs): [AlI] helps me write a PRD by
asking me questions so that I have a more guided process of drafting this document or improving
the existing PRDs”” (ML). Al also supports evaluating ideas more effectively by assessing whether
“it’s a good idea, something customers ask for, or something that would improve our workflow”
(RK). In addition, Al helps to “transform ideas into something tangible by processing user input
more efficiently” (HK). In this context, predictive analytics have been highlighted: “Al will also
enhance predictive capabilities within our product, allowing us to anticipate customer needs more

effectively” (OD). Besides developing new product ideas, Al enhances existing products and
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features. As TA stated, automated heat map creations are being used to improve UX and optimize
product design. As such Al tools detect “where the eyes go first, where they are staying, what has
been clicked, scrolled, and so on.” These abilities lead to Al reshaping roles in product
development and management: “The product role is changing to the sense that you need fewer
engineers to do your work, and you can focus on other parts of the software” (GK). ML added that
“the role as a product manager will definitely change more to being really focused on the

’

customers and the problems.’

The engineering aspect of product development is a cornerstone for SaaS startups; the findings
highlight how Al is transforming these coding processes. As stated by many interviewees, one of
the most important advancements in coding is copilots like GitHub or Cursor. They enable
developers to automate repetitive coding tasks, simplify development, and reduce errors. As shared
by the CTO: “In the development process itself, Al has a huge impact [...] IDEs like VS Code have
integrations of tools like Copilot where you can get code completion, recommendations, and code

improvements”’ (GK). Efficiency gains are frequently mentioned:

“For coding copilots [...] you just give your intention, some endpoints, or describe a feature,

and they execute. Coders gained much efficiency through large language models.” (AM)

This functionality smoothens workflows, with another participant emphasizing, “Al can help a lot
in order to fuel the velocity of development teams through automation and through automatic code
reviews” (NP). AN additionally added: “Writing code gets much, much faster, things that would
take one hour now take 10 minutes.” To maximize the benefits of Al in coding, participants
emphasized the importance of maintaining consistency and adhering to standardized practices
across codebases, as this enhances the effectiveness of Al-generated suggestions. RK highlights
the importance “fo do one thing that you consider the best solution over and over again and not
have variations of it because this also helps AI make better suggestions.” To ensure consistency in
coding processes, the engineering team should establish guidelines. Similarly, consistent naming
conventions were highlighted as essential, with one participant noting, “If you name it differently
across the code base, AI would just take a guess and name it in some kind of way” (GK). Lastly,
as Al streamlines development and deployment processes, startups can release features more
quickly. A CTO stated, “Everyone can see the difference [of using Al] because you release features

much faster and catch more bugs” (GK). Another shared, “Al also enables us to automate and
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streamline our deployment processes, reducing time-to-market for new language integrations”
(OD). Finally, HK stressed the importance of Al in SaaS product development: “The most

impactful area is the faster time to market.”

4.2 The Role of Operational AI in SaaS Startups for VCs Investment Decision

The findings to answer the second research question are presented in the following. Through three
gated dimensions, an understanding of the perception of VCs towards Al in SaaS startup operations,
their investment evaluation criteria and metrics, and a risk and opportunity assessment of

operational Al in SaaS startups will be established.

4.2.1 VC Investor Perception of Al in SaaS Startups

The first dimension (Figure 11) illustrates what role operational efficiency has for VCs and how

from an investor point of view, Al can be utilized most effectively.
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Figure 11: Data Structure first VC Aggregate Dimension

To evaluate the importance of operational Al for VCs, it is necessary to understand the role of
operational efficiency in VC investment decisions, which varies depending on the startup’s stage
and the specific focus of the investor. Multiple VCs emphasized that operational efficiency is not
a key factor at the pre-seed or seed stage. Two investors pointed out that at this early stage, only a
certain degree of operational level is in place: “The companies are pre-revenues or have only a
few pilot customers so at that stage they don’t really have operations. So at the beginning, it is not
an important investment decision’” (FF). Similarly, others noted that growth potential is prioritized
over operational efficiency in the early stages. However, as startups mature, operational efficiency

takes on a greater role. One participant shared, “If we look at Series A, for example, there's been a
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lot of cases that we had to kill in the end because their operational efficiency was not good enough
for us” (PR). Another mentioned, “PE firms or very big VC firms [&] investing in growth-stage
companies have higher operational requirements compared to early-stage funds” (CB). Investors
consistently highlighted that while they value operational efficiency at a certain stage, their focus
lies on measurable results rather than the specific methods or tools, such as Al, used to achieve
them. PR explained that they prioritize outcome-based metrics rather than asking startups detailed
questions about their operations or tools. CB noted that the proper use of Al tools should naturally
reflect in the metrics, which are ultimately what investors evaluate most closely. Furthermore,
Many VCs highlighted the importance of distinguishing between startups using Al within their

business model and those using Al as a tool to enhance operations.

“You have to differentiate between Al-first companies, which wouldn’t exist without Al,
and then companies being improved by that. And if we talk about the latter category, I don’t

see it yet as make or break.” (FF)

The second theme summarizes Al applications that VCs value most in SaaS startups. Besides
operational Al not being deeply rooted in the decision-making, it was still acknowledged as an

impetus for operational efficiency:

“Of course, it is in our key interest that the startups we back operate as efficiently as

possible. Al could be the biggest lever for creating efficiency in operations.” (JS)

Additionally, VCs highlighted how operational efficiencies in sales, achieved through Al

integration, translate to improved outcomes.

“If you break those down, [customer acquisition costs] include salaries of sales personnel,
which then directly relates to efficiency in operations because you'll probably have fewer

salaries in sales teams when you deploy Al agents efficiently.” (JS)

Another shared, that automating sales processes “helps startups to just with fewer resources get to
your goal quicker and that’s something we as VCs really like to see and highly value” (PR).
Investors also said startups leveraging Al to improve operations and save costs align well with their
expectations. As one explained, “Startups need to implement something with Al, whether it’s to
really speed up their own processes internally or on the actual product itself” (CB). In addition,

MM emphasized the importance of motivating startups to integrate Al internally “fo be more
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proficient and focused on their core models” (MM). In this context, investors expressed a
preference for vertical Al solutions: “We are not fans of these big holistic Al approaches [&] we
are rather focusing on vertical models, so really industry specific question specific things” (MM).
Others highlighted the value of these solutions, stating, “We believe in these especially verticalized
Al tools a lot, and I think it can boost productivity by quite much” (PR). VCs further emphasized
the abilities of verticalized Al with examples such as Al-driven chatbots for customer satisfaction
and lead generation or sales agents for automated sales processes (RP, JS). “I think [vertical Al]
helps startups a lot to just with less resources get to your goal quicker, and that’s something we as

VCs really like to see and highly value.” (PR)

The last theme shows how operational Al contributes to the scalability of SaaS startups by
optimizing sales processes, accelerating product development, and contributing to investor
attraction. It became evident that Al tools in sales processes enable startups to scale more efficiently

by shortening sales cycles and reducing costs:

“I believe specifically in sales; it can create efficiencies in terms of money you save and
the length of sales cycles. If you sell quicker, you scale faster, so it does create scalability.”

ds)

In addition, AI’s impact on coding and product development was noted as a key driver of scalability.

As FF shared,

“So we are seeing some kind of hyperscalers in that field, which [ &] within a few months,
half a year, get to 10, 20 million revenue. But that's super few examples. What Al does help,
[ think, on a wider scale is tech product development. Obviously, developer productivity

increases a lot. You can bring out products much faster at less cost.” (FF)

Lastly, operational efficiencies created by Al can make startups more attractive to investors, which

in turn enhances their scalability. PR remarked:

“So I think, especially in your growth potential in the early days, it would help you a lot.
And then because of that also your scalability will be higher because you can attract

investors more easily.” (PR)
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4.2.2 Decision-Making Metrics and Investment Criteria

This aggregate dimension (Figure 12) elaborates on criteria and metrics that influence VC

investment decisions within SaaS startups, which are of both tangible and intangible nature.
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Figure 12: Data Structure second VC Aggregate Dimension

As mentioned in 4.2.1, it became evident that founders are not specifically questioned about which
Al tools they use, as VCs rather “just want to see is it working or is it not”” (PR). Additionally, one
investor takes “it for granted, more or less, that in some way Al is deployed” (]S), but adds that
the focus is on “the results of what they [operations in connection with Al] translate to”. While
Al adoption is not a strict requirement, investors noted that its absence could negatively affect
perceptions of a startup. CB explained that being overly traditional or avoiding Al entirely might
raise concerns, describing it as an unspoken but noticeable red flag. They further emphasized that
startups failing to use Al effectively or appearing naive in their approach could leave a poor
impression. A similar sentiment regarding the application of Al was echoed by JS, “If not, it could

be a red flag.”

As there are no explicit tangible metrics of AI’s impact on business operations, investors noted
costs associated with the efficiency gains Al can bring, with JS sharing, “In sales, with specific
sales agents, there can be a lot of efficiencies created in speed and conversion, and also in terms
of HR costs on the startup side, which makes the model for us more attractive”. In addition, others
pointed out, “The two most important measurements [are] burn multiple, so how much cash they
burn divided by their new ARR that they get in a month and [this number] should be around 1.5
(PR). Furthermore, key metrics such as cost of goods sold (MM), the "rule of 40 [&] with which
you can see the relation on how much cash they burn, how operationally efficient they are in
relation to their growth” (PR) or the “magic number [& ] a very, very much used KPI in evaluating

SaasS businesses” (JS) were mentioned. Metrics related to acquiring and retaining customers were
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highlighted as critical for SaaS evaluation. CAC and CLV, as well as their ratio, were mentioned
several times, while one respondent further explained, “You obviously want to see a very high
multiple on lifetime value compared to acquisition costs because, in the end, you spend money on
customer acquisition” (JS). PR stated that the efficiency of SaaS startup operations can also be
examined through their churn and net retention rates. Early-stage startups must demonstrate strong
customer centricity, with one investor noting, “Customer centricity, retention, all of that is super

important, especially early stage, because you don’t have a lot of customers” (CB).

Besides hard metrics, soft ones are being applied to evaluate SaaS startups: “You re trying to figure
out what are the basic mechanics of a business model [such as] qualifying a lead, closing deals”
(MM). Additionally, investors value insights into how founders think and approach key areas like
financial planning (PR). Early-stage evaluations further often rely on a combination of narrative
and hypotheses, as another respondent shared, “In the seed case, it’s very simple [&] you re just
selling a storyline, but you have to underlay this with certain ideas, metrics, hypotheses” (MM).
Additionally, VCs often place more weight on the strength of a startup’s go-to-market strategy than

its underlying technology. One investor said,

“But in the end of the day, for me, it’s a go-to-market play. It makes sense what they re

offering, but they need to win B2B customers and that’s kind of the main challenge.” (FF)

Investors assess the strategic vision and adaptability of the founding team as evaluation criteria.
Strategic questions such as “Why is this a good time now? Why are we doing this? Why is this the
market? Why is this our target group?” (MM) play a critical role. Another highlighted the

importance of a visionary mindset:

“We look at the people a lot, because in early-stage investment, you really look at the
founding team. And so we look at people that are visionaries, that see the future and not

only the present. Usually, these people are also the first users of the new tools.” (CB)
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4.2.3 Ethical Concerns and Staying Competitive within AI Adoption

VCs acknowledged both, risks associated with the use of operational Al and additional

opportunities, which are being presented in the data structure below (Figure 13).
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Figure 13: Data Structure third VC Aggregate Dimension

VCs saw data privacy and compliance as significant concerns for startups adopting Al. As one
explained, “For some business models, data privacy can be quite an issue and could be detrimental
to some startups’ business models in the future” (PR). In this context, SaaS startups “with big
patent filings in deep tech, where data is very proprietary, have to look out for [risks] a little more”
(PR). Another VC added the risk of leaking internal data as “employee data and corporate data
[are] being processed somehow into the unknown space of these algorithms that learn on your
data” (JS). In Europe, the increasing number of strict regulations further complicates Al adoption
(PR). Next, investors emphasized the importance of quality assurance to “make sure that same
input delivers same output, which needs different safeguards” (FF). Another added, that as “the
machine still hallucinates and you can’t always trust the results I would always advise double-
checking it yourself”” (JS). With the fast evolution of Al one VC pointed out “The biggest risk with
Al right now is that not a lot of AI companies will survive” (CB). Another expressed concerns

about volatility, sharing:

“The emphasis [in our future investment philosophy] is on software rather than Al
specifically. Al is seen as too volatile and unpredictable to fully integrate into the

philosophy.” (CB)

The speed of technological advancements creates uncertainty among VCs, questioning how long

Al-driven advantages will last (MM).

Despite the risks, investors emphasized that effectively leveraging Al tools allows SaaS startups to
stand out in the market. As one investor explained, “If you use these Al tools correctly, you can for

sure get ahead of the curve and differentiate from your competition” (PR). The findings also
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highlight the importance of Al adoption for more mature startups. One respondent stated, “We
have a set of companies, five years old, they have to go basically in transition process and change
otherwise, they will change to a competitor which is kind of built on one AI”” (FF). Another noted,
“We already see that founders are reacting to [Al’s appeal]. Startups that aren’t primarily Al-
based still adopt Al tools a lot” (PR). The relevance of Al was further emphasized:

“Companies will have to learn and understand Al regardless of their industry or focus. It’s a

critical area with undeniable benefits.” (CB)
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5 Discussion

This study examined how Al-driven technologies support SaaS startups in achieving OE through

the lens of the 4Ps model as well as the influence of Al adoption on VC perceptions.

The findings answer the first research question by illustrating that Al, especially GenAl and LL.Ms,
supports SaaS startups across all four OE dimensions. From LLM-based content creation tools to
predictive analytics and coding copilots, operational Al nurtures efficiency and continuous
improvements for excellent outcomes. Employees benefit from fast skill acquisition and reduced
onboarding times, while customer relationships deepen through more personalized and efficient
communication channels. In addition, customer satisfaction and loyalty can be strengthened
through chatbots and Al-powered ticketing. Internally, repetitive tasks are automated, data
handling is improved, and predictive insights guide decision-making. In product development, Al
accelerates coding, shortens time-to-market, and enables more continuous product improvement.
These results show that AI’s influence extends beyond conventional beliefs of operational

efficiency, fostering SaaS startups to become more agile, customer-centric, and innovative.

Additionally, the second research question could be addressed by interviewing VCs, indicating that
while investors may not explicitly demand operational Al tools, they highly value outcome-based
metrics that Al adoption influences (FF; PR; CB). Although they may not explicitly ask about
which Al technologies a startup uses, their expectation for including efficiency-increasing
solutions is rising, making the absence of Al-driven operations a potential “red flag” (CB; JS). VCs
differentiate between Al-first companies, which rely on Al to exist, and those integrating Al as an
operational improvement. Both models can be attractive if they gain positive metrics. For SaaS
startups, improved operational metrics, like reduced CAC, enhanced CLV, higher net retention,
and improved burn multiples, signal strong potential for sustainable scaling. Investors recognize
verticalized Al solutions as particularly valuable, as these industry- and domain-specific tools can
improve operational flows more precisely (MM; PR). At the same time, VCs remain cautious about
risks. Regulatory challenges, data privacy, and the volatility of Al markets cast uncertainty on long-
term outcomes (PR; FF; JS; CB; MM). Nevertheless, VCs see Al as a powerful lever for growth
and differentiation, potentially leading to better investment propositions and chances of securing

funding.
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The findings of this study both align with and extend the existing literature on AI’s role in achieving
OE. Prior studies have established that Al-driven solutions contribute to improved efficiency, data-
driven decision-making, and enhanced customer engagement (Benbya et al., 2020; Chikezie et al.,
2024; Nambisan et al., 2019; Shepherd & Majchrzak, 2022). Yet, the literature has largely
concentrated on established or Al-first firms rather than on resource-constrained SaaS startups,
leaving several gaps that this research helps to fill. However, the topic around Al adoption in SaaS
for enhanced operations appears to be very relevant in the business context as practitioners like
McKinsey & Company have already conducted studies in this field, which will be referred to in

the subsequent sections.

For the people dimension, existing research acknowledges Al’s potential to automate repetitive
tasks and streamline processes, noting efficiency gains of 20330% in operational areas (McKinsey
& Company, 2023). However, it seldom discusses AI’s capacity to speed up employee onboarding,
close skill gaps, or enhance workplace learning, which frequently emerged in the interviews (RK,
GK). While Lean and TQM frameworks stress continuous improvement and skill development
(Chikezie et al., 2024; Dahlgaard & Dahlgaard, 1999), the literature has not yet integrated Al’s
potential to reduce the time new hires need to become fully productive. For SaaS startups, which
often rely on small, multi-skilled teams (Ojaghi et al., 2019), having Al tools that can provide
technical or contextual knowledge means employees can contribute more quickly, improving
internal agility and resilience. This finding goes beyond previous research, suggesting that Al

boosts both efficiency and the people dimension of OE.

Literature on Al and customer engagement already emphasized personalization and improved
service quality (Makar, 2023). McKinsey & Company (2023) further notes that Al-driven
enhancements in sales and service can boost productivity by 30-45% and potentially increase
revenue by 3-5%. Studies have also shown AI’s ability to strengthen customer relationships
through service chatbots and personalized marketing campaigns (Liang et al., 2019; Makar, 2023;
Singh et al., 2019; Usman et al., 2024). Yet, the specific context of SaaS startups, where recurring
revenue models and low switching costs make retention critical (Khare & Arora, 2024), was largely
unaddressed. In SaaS, metrics like CAC, CLV, and churn are central performance indicators (Khare
& Arora, 2024; Xiao et al., 2020). The current research confirms that AI’s detailed feedback

analysis and automated outreach can improve customer satisfaction and reduce churn by
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identifying pain points more effectively (AN, ML, OD, TA). Moreover, the discovery that Al can
crawl websites and professional profiles to inform more tailored outreach introduces a tangible,
SaaS-specific application that was not previously discussed in the literature. By aligning marketing
activities with customer insights, which can now be processed at full scale rather than a small
fraction, SaaS startups can better personalize their service, increase CLV, and maintain a

competitive advantage.

Regarding the processes, prior studies highlight AI’s operational benefits in speeding up processes,
which was further backed by McKinsey & Company (2023) discovering that up to 70% of
repetitive work could be automated through GenAl. However, the literature generally focuses on
large organizations, supply chains, or manufacturing (Rusev & Salonitis, 2016; Shehadeh et al.,
2016) rather than data-intensive, scaling SaaS environments. This thesis confirms these known
efficiencies but also illustrates how SaaS startups use Al to handle large and growing volumes of
data. During the interviews, Intelligent Document Processing (IDP) was mentioned for the first
time. It emerges as a powerful Al technology that automates document handling by using ML and
NLP to extract, classify, and understand data from complex documents across various formats.
Thus, by integrating IDP, RPA, and predictive analytics, SaaS firms can normalize, cluster, and
map data or documents more effectively, supporting both operations and predictive decision-
making (BW, GK, HK, OD, RK). These findings align with the literature’s emphasis on OE as a
strategy for maintaining competitiveness (Chikezie et al., 2024; Lasi et al., 2014) but extend it to
show how SaaS-specific data challenges are met through compound Al approaches. This refined
view addresses a gap in the literature concerning data workflows and scaling issues SaaS

companies face as they evolve from startups to scaleups.

Existing research acknowledges AI’s role in faster product development and delivery. However,
detailed discussions of coding copilots and their impact on developer productivity are lacking. The
McKinsey & Company (2023) report states that GenAl tools can boost developer productivity by
20-45%, and an example from Forrester (2023), citing a 50% productivity increase after
implementing Microsoft Copilot, indicates that these improvements are not merely theoretical. This
current study adds depth to this understanding by showing how SaaS startups use Al-driven coding
assistants to speed up feature releases, reduce errors, and better align products with changing

customer demands (AM, AN, GK, NP, RK). Past literature has underlined the importance of time-
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to-market and customer-centric product iterations in SaaS (Ju et al., 2010; Li & Kumar, 2022). The
present findings confirm these principles while incorporating the direct impact of Al tools, which
streamline development workflows and enhance product-market fit, an area previously not fully

explored in detail.

Another topic that occurred during the interviews was data privacy and transparency. While
literature on Al often references data privacy, compliance, and trustworthiness as general concerns
(Bogoviz, 2020; Carmody et al., 2021; Wright & Xie, 2019), no studies known to the author
contextualize these issues specifically for SaaS startups. Earlier research has not examined how
smaller digital firms handle the tension between large datasets and user confidentiality. The current
findings introduce concrete strategies, like data anonymization and restricted usage, adopted by
SaaS firms to mitigate these risks (AM, PK). This contribution extends the literature by suggesting

that challenges in privacy and trust-building are present even for younger companies.

The literature on VC investment decision-making often points to the importance of operational
efficiency, team capabilities, and growth potential, noting how technology adoption can influence
investor perceptions (Conti et al., 2016; Janeway et al., 2021). Yet, the role of Al in shaping these
VC perceptions for SaaS startups is less discussed. This study shows that while VCs are interested
in improvements of hard metrics (e.g., lower CAC, higher CLV, and better burn multiples), they
also consider softer metrics, such as founder adaptability and the intelligent application of Al to
solve operational problems (CB, FF, JS, PR). By closing the gap between established literature on
VC decision-making and the operational realities of Al integration in SaaS, the current research
demonstrates how startups that thoughtfully implement Al can be perceived as more scalable,

resilient, and investment-worthy.

5.1 Theoretical Contributions

This study adopts the 4P framework into the managerial context of SaaS startups and provides a
novel perspective on achieving OE by leveraging Al as the most recent GPT. First, Al enriches the
people dimension by showing how it accelerates onboarding, skill development, and problem-
solving, enhancing workforce capabilities by closing knowledge gaps and improving creativity.
Second, it refines the partnerships dimension, demonstrating how Al tools like feedback analysis
and automated lead targeting help SaaS startups turn customer data into actionable insights,

improving engagement in subscription-based contexts. Third, in the process dimension, the study
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shows how integrating tools like IDP and data normalization addresses operational complexity,
with OE arising from combined Al tools rather than isolated ones. Finally, in the product
dimension, Al accelerates development cycles and improves product quality using coding copilots
and generative Al, enabling faster time-to-market and better product-market alignment. These

findings emphasize AI’s role in driving innovation and meeting evolving customer demands.

The study’s findings contribute to OE’s underlying TQM framework, which emphasizes
continuous improvement, efficiency, and customer-centric quality management. In the SaaS
context, Al becomes a key enabler of TQM by eliminating operational inefficiencies, supporting
data-driven decision-making, and contributing to continuous learning. Additionally, Al aligns with
Lean principles by streamlining processes, reducing waste, and maximizing value delivery through

automation and predictive insights.

Lastly, this study enriches theory by showing that Al-driven operational improvements can shape
how VCs assess startups. Instead of focusing solely on product-market fit or technological novelty,
investors value the internal capabilities that Al fosters, such as lower CAC, improved scalability,
and faster product development. Thus, Al-enabled OE emerges as a strategic signal of maturity and
growth potential, extending theoretical models of entrepreneurial finance and strategic

entrepreneurship to include AI’s influence on investment decision-making.

5.2 Managerial Implications

From a managerial perspective, the findings suggest that founders should integrate Al throughout
the entire 4Ps framework rather than limiting its use to obvious efficiency gains. Adopting more
creative and strategic approaches, such as compound Al solutions that combine general LLMs with
specialized models, can increase adaptability and scalability. Similarly, the preference for vertical
Al from a VC perspective highlights the importance of focusing on industry-specific use cases for

stronger investor appeal.

SaaS startups can draw on the insights provided by VCs, who encourage broad Al adoption not
only to improve metrics like CAC and CLV, but also to demonstrate forward-thinking leadership
and a clear vision of AI’s future role. In this sense, founders should continuously check emerging
Al technologies to stay competitive and refine their strategies accordingly. By developing a

roadmap that includes how Al will shape operations and product innovation over time, startups can
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meet both the hard metrics VCs value and the soft metrics, like visionary leadership and strategic

intent, that signal long-term resilience and growth potential.

As a summary, figure 14 comprises the main contributions of this study for both theory and

practice.
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< empower cmplclyees and adapt quickly to
: - : Develop a strategic Al roadmap with long-term plans for operational improvements and innovation, demonstrating
Leadership visionary leadership and adaptability to emerging Al technologies.
L = 4
W
Effects on VC investment perception

* Al signals growth p Red CAC, i CLV and ent scalability

+ Preferred AI models: Focus on vertical and compound Al for tailored, scalable solutions

* Leadership: Visionary ders with forward-looking Al gies are highly valu:d

* Broad Al integration: Using Al across operations and products boosts p

= Innovation: Monitoring Al trends ensures long-term relevance and investor appeal

Figure 14: Al for Operational Excellence in SaaS Startups 3 Theoretical and Managerial Contribution
(own illustration)

5.3 Research Limitations and Future Directions

Besides the future research opportunities mentioned in 5.1, this study has several limitations that
offer additional potential for future research. First, the focus on customers within the 4P
partnerships dimension excludes other key stakeholders such as partners or suppliers. Second,
while this research highlights the perception of VCs towards Al adoption, other entities within the
ecosystem, like accelerators and incubators, could be investigated for their potential contributions
to OE. Additionally, the limited data saturation concerning VC perspectives necessitates further
exploration. As the study mostly reflects insights from pre-seed to seed stage investors, it
potentially misses larger funds' different dynamics and investment criteria (Series A and B).

Furthermore, adopting operational Al in these contexts could present unique challenges or
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opportunities that were not captured fully. Lastly, the small sample size, particularly of

interviewees, may limit the diversity of perspectives.

Future research could focus on sector-specific applications of Al in SaaS startups, exploring how
industry-specific challenges influence adoption and impact. Longitudinal studies could track the
long-term effects of Al implementation on scalability and customer retention. Finally, examining
the effectiveness of innovative approaches discovered in this thesis, like compound AI models or

vertical Al, in optimizing operations offers another promising avenue.
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6 Conclusion

This study explored how Al-driven technologies can enhance OE in SaaS startups and further
influence VC investment decisions. With the SaaS industry projected to grow exponentially and
startups facing high attrition rates, improving operational metrics and aligning operations with

market demands are pressing concerns.

The research shows that Al, when integrated seamlessly, has the potential to support SaaS startups
in becoming operationally excellent by more than just streamlining workflows or providing faster
analytics. It overhauls organizational capabilities, provides teams with the confidence and agility
to adapt quickly, improves how startups interpret and respond to their customers, and enables
product design and go-to-market at a pace aligned with the market’s continuous evolution.
Therefore, the function of Al evolves from a simple motivator of productivity to a strategic partner
with a focus on the customers and innovation. Investors do not overlook such operational
restructuring. While VCs do not focus on specific Al solutions, they preferably consider outcome-
based metrics. However, these metrics can be improved through Al adoption, resulting in reduced
CAC, increased CLV, and reduced customer churn. Furthermore, the adoption of a forward-
thinking Al strategy contributes positively to VCs’ soft metrics, indicating that the founding team

has the foresight to refine its business model in tandem with technological shifts continually.

While this research offers insights into how SaaS startups benefit from AI’s potential for reaching
OE, it also recognizes certain constraints. The qualitative approach and early-stage focus may limit
broader generalizations. Nevertheless, these findings establish a valuable foundation for scholars
and practitioners alike, encouraging a redefinition of Al as a multifaceted catalyst rather than a

standalone enhancement.

In a world where digital ventures either rise rapidly or fade quietly, the ability to embrace Al as a
fundamental strategic force will set apart those SaaS startups that not only endure but redefine what

it means to move from efficiency to excellence.
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8 Appendix

Appendix A: Data Structure based on Gioia et al. (2013)

First-Order Concepts

Second-Order Themes

Aggregate Dimension

« Al supporting onboearding and training by providing quick information
« Gathering information and support in problem-solving through Al

« GenAl for content creation and copy writing

« Al for better high-quality text output, especially for non-natives in a specific language
« Speeding up outbound marketing by automating this process with the use of Al
« Using Al for product descriptions, keywords, also in different languags

« Al for writing or redefining messages and emails both for internal and external communication

« Shifting employee focus through Al-driven task automation
« Balancing automation with human oversight for quality control
« Improving quality of work

« Al enables more efficient feedback analysis

« Sentiment analysis using Al for better and more tailored customer interactions
through ing A/B testing

» Personalizing outreach efforts for customers using Al-driven tools

« Al supporting brand awareness and establishing brand strategy

« More ized comm

« Saving time by using Al in customer service for ticketing
« Chatbot for customer service enhancement

« Increating efficiency and improving customer experience by using IVR systems for customer queries

« Task optimization and automating repetitive and routine tasks for improved efficiency
« Cost benefits through Al due to less people and stakeholder being involved

- Revenue / competitiveness / scaling

« Combination of general and specific models for specific use cases

- Al as a tool for data analysis, synthesis, optimization, normalization, processing
« Application of Al for Intelligent Document Processing
« Using Al for customer data collection and the creation of marketing reports

« Using predictive analytics for trend recognition
« Translating customer feedback into actionable development tasks

» Importance of well-structured processes and codes

«» Achieving Al model accuracy through training and monitoring as well as feedback loops
« Ensuring Al reliability and avoiding overtrust

« Security challenges in handling data for Al implementation

« Al for idea generation and structuring in product development
« Improvements in UX and product designs
» Changing role of product management towards more customer centricity

« Code completion, recommendation and code improvements with the help of coding copilots
« Improving consistency in coding practices to optimize Al-generated suggestions
« Faster time-to-market of new features

- Operational efficiency is secondary in early-stage investments

« Operational efficiency more critical in later-stage investmentis

« Priority on cutcome-based metrics over specific operational methods
« Differentiating Al-first companies from Al-enhanced companies

« Verticalized AT applications for industry-specific optimization
« Operational efficiency through Al sales agents
« Al adoption for streamlining operations and saving costs

« Scalability through Al sales agents
« Advantages [or scalability in coding
« Higher scalability due to investor attraction

« Ouicome-Tocused assessment of Al use
» Lack of Al adoption as a potential warning signal in investment decisions

« Financial and operational efficiency metrics
- Customer acquisition and retention metrics

. A t of business fund: tal
- Priority of GTM strategy over tech-first approaches
« Evaluation of strategic vision and adaptability

« Data privacy risks and regulatory challenges in Al adoption
« Ensuring reliability and accuracy in Al outputs
» Unpredictability of Al development in the future

+ Al in operations for competitive adyantge
- Integration of Al essential for maintaining competitiveness in established startups
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