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Abstract

Artificial Intelligence (AI) is increasingly adopted by early-stage technology startups as
a means to improve efficiency, reduce costs, and accelerate product development under
conditions of limited resources and high uncertainty. Despite growing interest, empirical
evidence on the concrete operational and economic effects of AI adoption in early-stage
startups remains fragmented.

This thesis investigates the role of AI in enhancing efficiency and cost performance
in early-stage tech startups through a mixed-methods approach that combines literature
review, comparative case study analysis, and computational validation. Two startups
were examined: a fintech software startup that incrementally augmented human teams
with AI tools, and a game technology startup designed around AI-supported workflows
from inception. Development timelines, team structures, and cost dynamics were ana-
lyzed across design, development, and testing phases before and after AI adoption. A
Python-based analytical model was developed to identify efficiency patterns and detect
diminishing returns.

The findings indicate that AI adoption leads to measurable reductions in time-to-MVP
and operational costs, while preserving domain-specific quality requirements. However,
the results also reveal a clear efficiency threshold, beyond which additional automation
yields diminishing returns due to increased coordination and oversight needs. The study
concludes that AI delivers the greatest value when deployed as a complementary capa-
bility that strengthens human teams rather than replacing them.
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Chapter 1

Introduction

1.1 Background and Context

Artificial intelligence (AI) has increasingly moved to the core of technological change
across a wide range of industries, reshaping how organizations manage workflows, allo-
cate resources, and make strategic decisions. By automating repetitive tasks, improving
analytical capabilities, and enabling predictive modeling, AI allows firms to operate with
greater speed, flexibility, and responsiveness. Its influence is visible in sectors such as
healthcare, finance, manufacturing, and retail, where data-driven systems now support
many core operational activities [59].

In this evolving environment, the adoption of AI is no longer limited to experimental or
exploratory initiatives. Instead, it is becoming an essential component of organizational
competitiveness. Firms that do not integrate intelligent systems risk lagging behind in
productivity, adaptability, and cost efficiency, particularly in markets characterized by
rapid technological development and intense competition [71].

1.2 Definition of Artificial Intelligence and Its Busi-

ness Relevance

Artificial intelligence refers to the capability of machines and computer systems to per-
form tasks that typically require human cognitive abilities, such as learning, reasoning,
problem-solving, and adaptation. As described by Russell and Norvig [65], AI systems
continuously acquire and process data in order to improve their performance over time.
Key subfields of AI include machine learning, natural language processing, computer
vision, and robotics, each enabling specific yet interconnected applications within orga-
nizational contexts.

In contemporary business environments, AI plays a central role in transforming how
decisions are made and implemented. By analyzing large volumes of structured and
unstructured data, AI systems support forecasting, personalization, and operational op-
timization. Organizations increasingly rely on AI-generated insights to enhance customer
experience, reduce inefficiencies, and identify new opportunities, thereby strengthening
their competitive position [16].

A further advantage of AI lies in its scalability. Traditional organizational systems
often require proportional increases in human or physical resources as operations expand.
In contrast, AI-based solutions can handle growing data volumes with relatively limited
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incremental costs. This characteristic positions AI as a foundational element of modern
business strategy rather than merely a tool for incremental efficiency gains.

Recent evidence suggests that AI adoption is accelerating rapidly. According to Com-
pany [23], by 2023 approximately half of surveyed organizations had implemented AI
in at least one functional area, reporting tangible benefits in domains such as market-
ing, customer service, and risk management. Despite this progress, adoption remains
uneven. Early-stage startups, in particular, face constraints related to limited financial
resources, lack of technical expertise, and lower organizational maturity. Understanding
how these firms can nonetheless leverage AI to improve efficiency and reduce operational
costs represents a key motivation for this research.

1.3 Focus on Early-Stage Startups

Early-stage startups operate in environments characterized by high levels of uncertainty.
Limited financial capital, small teams, low brand recognition, and evolving product–
market fit create conditions in which rapid learning and adaptability are essential for
survival [9].

AI technologies offer significant opportunities for startups facing these constraints.
Compared to established organizations, startups tend to exhibit greater flexibility and
openness to experimentation. This cultural and structural agility allows them to integrate
emerging technologies more rapidly, even under conditions of uncertainty. AI can be
applied across core functions such as customer interaction, marketing analytics, software
development, and financial management, enabling startups to achieve capabilities that
traditionally required much larger teams [74].

From a cost perspective, AI adoption is particularly attractive for resource-constrained
firms. The automation of routine and analytical tasks reduces dependence on extensive
human labor, shortens development cycles, and increases operational speed. In this sense,
AI contributes to the democratization of advanced technological capabilities that were
previously accessible primarily to large enterprises.

Startups also frequently engage in iterative experimentation and strategic pivots. AI-
based tools facilitate this process by enabling rapid hypothesis testing, continuous feed-
back collection, and real-time performance analysis. Techniques such as AI-supported
A/B testing and sentiment analysis provide actionable insights without imposing sub-
stantial financial or organizational burdens [45].

1.4 Why Startups Are Particularly Positioned to Ben-

efit from AI

The structural characteristics of startups make them especially receptive to the advan-
tages offered by AI. A higher tolerance for risk, lean organizational structures, and con-
stant pressure to innovate distinguish startups from more established firms, which often
face bureaucratic resistance and slower decision-making processes [73].

Risk-Taking and Experimentation

Operating under uncertainty, startups often prioritize learning and validation over im-
mediate profitability. AI supports this approach by enabling low-cost experimentation
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through simulations, predictive modeling, and automated feedback mechanisms. As high-
lighted by Gans [32], AI significantly reduces the time and resources required for trial-
and-error processes, aligning well with entrepreneurial learning-oriented strategies.

Agility and Lean Organizational Structures

AI enables small teams to perform tasks that would traditionally require multiple special-
ized roles. Generative models support content creation, chatbots handle routine customer
interactions, and analytical tools enhance marketing and product insights. This techno-
logical leverage increases organizational agility and allows startups to respond rapidly to
market signals [45].

Capital Constraints and Automation Efficiency

Startups typically lack the financial capacity to invest heavily in infrastructure or large
workforces. AI mitigates these limitations by automating core operational activities and
increasing productivity per employee. In this respect, AI functions as a force multiplier,
allowing startups to scale output and impact without proportional increases in cost [74].

Data-Driven Decision Making

Although startups often lack extensive historical datasets, AI systems can integrate real-
time data from sources such as customer interactions, digital platforms, and external
APIs. The rise of low-code and no-code AI solutions further lowers technical barriers,
enabling founders without advanced data science expertise to adopt data-driven decision-
making practices [66].

1.5 Research Questions and Objectives

Research Questions

This thesis addresses the following research questions:

1. How does AI adoption influence cost efficiency and scalability in early-stage star-
tups?

2. Which AI tools and practices provide the greatest value to startups with limited
financial and human resources?

3. How does AI affect strategic decision-making in technology-driven startups?

4. What barriers and enabling factors influence AI implementation in competitive
startup environments?

Research Objectives

Based on these questions, the objectives of this study are:

• To examine the role of AI in optimizing core startup functions such as marketing,
customer service, and product development.
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• To identify and evaluate AI tools and platforms adopted by successful early-stage
startups.

• To analyze the relationship between AI adoption and agile decision-making prac-
tices.

• To explore regulatory, ethical, and governance considerations associated with AI
use in startup contexts.

1.6 Structure of the Thesis

The thesis is organized as follows:

• Chapter 1: Introduction outlines the research context, highlights the relevance
of AI for early-stage startups, and presents the research questions and objectives.

• Chapter 2: Literature Review reviews academic and industry literature on
artificial intelligence, startup ecosystems, and digital transformation, identifying
relevant theoretical frameworks.

• Chapter 3: Background describes the research context, problem setting, and
key conceptual foundations.

• Chapter 4: Methodology explains the research design, data collection methods,
analytical approach, and limitations.

• Chapter 5: Findings and Discussion presents and interprets the empirical
results in relation to existing literature.

• Chapter 6: Case Studies examines real-world examples of early-stage startups
applying AI to improve efficiency and scalability.

• Chapter 7: Conclusions and Recommendations summarizes the main contri-
butions, answers the research questions, and proposes practical recommendations
and directions for future research.
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Chapter 2

Literature Review

2.1 Introduction

Early-stage ventures operate in organizational settings that differ substantially from those
of established firms. Limited financial resources, still-developing organizational struc-
tures, and high levels of market uncertainty shape both strategic decision-making and
operational constraints. Within such environments, the adoption of Artificial Intelligence
(AI) has increasingly emerged as a potential mechanism for improving productivity and
alleviating cost pressures. Existing research discusses AI adoption from multiple per-
spectives, including entrepreneurship, innovation management, information systems, and
strategic theory; however, these contributions are often fragmented and insufficiently
integrated.

While a substantial body of literature examines AI implementation in large orga-
nizations, considerably less attention has been devoted to its financial implications in
early-stage ventures, particularly with respect to cost efficiency. This chapter reviews
and synthesizes key theoretical and empirical contributions in order to develop a coher-
ent framework for understanding how AI adoption influences cost structures in young
ventures. Rather than treating individual perspectives in isolation, the review integrates
complementary views to support a unified analytical approach.

2.2 AI, Uncertainty, and Cost Efficiency in Startup

Environments

Early-stage ventures face inherent uncertainty arising from volatile demand, rapid techno-
logical change, and scalability challenges. Under such conditions, cost efficiency becomes
a critical factor for survival. Prior research suggests that AI technologies can enhance ef-
ficiency by automating repetitive tasks, improving decision accuracy, and enabling faster
responses to market feedback. These effects are particularly significant for startups, where
human capital is limited and operational slack is minimal.

Empirical evidence indicates that AI adoption enables young ventures to reduce co-
ordination costs, shorten development cycles, and optimize the allocation of scarce re-
sources. Unlike traditional information systems, AI-based solutions adapt dynamically
as new data become available, allowing startups to refine operational processes without
proportional increases in cost. Consequently, AI is increasingly framed not merely as a
technological enhancement, but as an operational mechanism through which startups can
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stabilize performance under conditions of uncertainty.

2.3 Theoretical Perspectives on AI Adoption and Cost

Efficiency

A substantial portion of the literature explains AI-driven efficiency through mechanisms of
iterative experimentation and learning. The Lean Startup methodology emphasizes rapid
hypothesis testing, continuous feedback, and validated learning as means of minimizing
waste [62]. When AI tools are embedded within these iterative cycles, startups can
accelerate experimentation by automating data analysis, monitoring user behavior, and
generating predictive insights. This reduces the cost associated with prolonged trial-and-
error processes and supports earlier identification of viable business models [79].

From a strategic standpoint, the Resource-Based View (RBV) provides insight into
why AI adoption may generate sustained cost advantages. According to RBV, compet-
itive outcomes depend on firm-specific resources that are valuable, difficult to imitate,
and embedded within organizational routines [6]. AI systems, when developed using
proprietary data and aligned with internal capabilities, can meet these conditions by
lowering operational costs while remaining challenging for competitors to replicate [55].
However, the literature consistently emphasizes that technological assets alone are insuf-
ficient. Organizational readiness, leadership commitment, and effective data governance
are necessary conditions for AI investments to translate into consistent financial benefits
[50].

Closely related to RBV, the Knowledge-Based View (KBV) extends this reasoning
by emphasizing knowledge as the firm’s most strategically significant resource [36]. AI
enhances a venture’s capacity to process large volumes of information and transform
them into actionable insights, thereby reducing redundancy and improving coordination.
Startups with higher absorptive capacity are therefore better positioned to leverage AI
for cost efficiency, as they can more effectively integrate external knowledge into internal
decision-making processes [39].

Beyond internal capabilities, adoption outcomes are shaped by contextual factors. The
Technology–Organization–Environment (TOE) framework conceptualizes AI adoption as
the result of interactions between technological readiness, organizational characteristics,
and environmental pressures [76]. Empirical studies applying this framework highlight the
importance of data quality, system compatibility, regulatory constraints, and ecosystem
support in determining both the feasibility and financial impact of AI adoption [2, 34].

At the individual and team level, user acceptance plays a decisive role in whether AI
adoption leads to measurable efficiency gains. The Technology Acceptance Model (TAM)
and Diffusion of Innovation (DOI) theory explain how perceptions of usefulness, ease of
use, and relative advantage influence adoption behavior [27, 63]. Empirical evidence sug-
gests that positive user perceptions accelerate implementation and increase the likelihood
that AI adoption translates into operational and cost efficiencies. Conversely, resistance
arising from complexity or misalignment with existing workflows can neutralize potential
cost benefits [17].
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2.4 Synthesis and Research Gap

Taken together, the literature suggests that AI-driven cost efficiency in early-stage ven-
tures emerges from the interaction of multiple factors rather than from technology alone.
Lean experimentation reduces waste, strategic and knowledge-based perspectives explain
the durability of cost advantages, contextual frameworks clarify adoption constraints, and
behavioral models account for user-level acceptance. Despite this rich theoretical foun-
dation, existing studies remain fragmented and frequently focus on isolated dimensions
of AI adoption.

Notably, limited empirical research integrates these perspectives to examine how AI
adoption affects cost efficiency specifically in early-stage startups operating under severe
resource constraints. This gap highlights the need for a holistic analytical approach that
links AI adoption mechanisms with financial outcomes in startup environments. The
present study addresses this gap by empirically investigating how AI adoption influences
cost efficiency through organizational, strategic, and behavioral channels.

2.5 Integrated Theoretical Framework

Combining the above perspectives, an integrated framework is proposed to capture the
multi-level mechanisms through which AI adoption influences cost efficiency in startups.

Level Theory AI Mechanisms and Financial Impact

Micro (user/team) TAM, DOI Perceived benefits lead to quicker adoption; im-
proved workflows reduce labor costs.

Operational Lean Startup Experimentation with AI improves validation, re-
ducing time and monetary waste.

Organizational RBV, VRIO Proprietary AI solutions become strategic assets
that cut costs through automation.

Environmental TOE Ecosystem and regulation readiness enable
smoother integration and scaling.

Strategic KBV Knowledge-intensive AI usage promotes sustain-
able efficiency and innovation.

Table 2.1: Integrated Theoretical Framework for AI’s Financial Impact in Startups
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Chapter 3

Background

3.1 Introduction

In the last two decades, the startup ecosystem has become an increasingly important
source of technological innovation and economic dynamism [11]. Within this ecosystem,
technology-oriented startups occupy a central position due to their capacity for rapid
scaling and disruptive impact [37]. However, early-stage tech startups face structural
constraints that distinguish them sharply from established firms, particularly in terms of
financial fragility and operational vulnerability [54].

The early phase of a startup’s lifecycle—commonly associated with the seed or pre-
Series A stage—is characterized by experimentation, limited revenue visibility, and strong
dependence on constrained financial resources [10]. During this period, startups typically
operate with minimal viable products (MVPs), test market assumptions, and refine their
value propositions under conditions of pronounced uncertainty. Unlike larger organiza-
tions, which can absorb inefficiencies through scale, early-stage startups must carefully
control costs to ensure continuity of operations. As a result, cost efficiency is not merely
an optimization objective but a fundamental condition for survival [4].

Within these constraints, Artificial Intelligence (AI) has gained attention as a set
of tools capable of supporting cost-conscious decision-making and operational efficiency
[13]. Rather than representing a broad technological shift, AI is increasingly viewed
by startups as a practical means of addressing concrete challenges related to scalability,
automation, and resource allocation [26]. The growing availability of cloud-based services,
open-source frameworks, and modular AI solutions has further lowered adoption barriers,
allowing early-stage ventures to experiment with AI without committing to large upfront
investments [66].

Cost-related challenges in startups can be broadly categorized into operational, strate-
gic, and developmental domains [4]. Operational costs include staffing, infrastructure, and
internal processes. Strategic costs relate to marketing, customer acquisition, and com-
petitive positioning, while developmental costs are associated with research, prototyping,
and product iteration. AI applications intersect with each of these domains. For exam-
ple, robotic process automation can reduce administrative workloads, natural language
processing can support customer service operations, and machine learning models can
optimize marketing expenditures through data-driven targeting [26].

Startups are often particularly well-positioned to adopt AI despite resource con-
straints. Their relatively flat organizational structures and absence of legacy systems
allow for faster experimentation and adaptation [74]. In many cases, founding teams pos-
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sess technical backgrounds that facilitate the integration of AI tools into core business
processes, enabling rapid testing and refinement of AI-driven solutions [32].

Human resources represent a critical cost factor for early-stage startups. Hiring inef-
ficiencies or prolonged onboarding periods can impose disproportionate financial burdens
[11]. AI-powered recruitment tools can assist in screening candidates, evaluating skill
alignment, and streamlining initial interview processes. Similarly, AI-supported train-
ing and onboarding systems can reduce ramp-up time and improve early productivity,
contributing to more efficient workforce utilization [26].

Marketing and customer acquisition are additional areas where startups frequently
allocate substantial portions of their limited budgets. AI enables more precise customer
segmentation, personalized content delivery, and performance analytics, allowing startups
to improve return on marketing investments [45]. Beyond platform-level tools, startups
increasingly employ predictive models to anticipate customer behavior and reduce churn
[19].

Product development is another cost-intensive activity during early stages. Building
and iterating on MVPs requires substantial time and resources. AI can accelerate devel-
opment through code generation, automated testing, and feature performance prediction.
These applications reduce development costs while enabling faster market entry, which is
particularly valuable in competitive technology sectors [79].

Operational efficiency can also be enhanced through AI-driven back-office automa-
tion. Functions such as accounting, forecasting, inventory management, and cyberse-
curity monitoring can be partially automated, reducing manual effort and improving
reliability [24]. In subscription-based business models, AI systems are increasingly used
to analyze usage patterns and inform pricing or renewal strategies, contributing to more
predictable revenue flows [14].

Despite these potential advantages, AI adoption in startups faces several challenges.
Limited data availability, implementation complexity, and regulatory considerations can
constrain effective use, particularly in sectors subject to strict compliance requirements
[56]. Moreover, the benefits of AI depend on organizational readiness and the ability to
align technological tools with business objectives [50].

Nevertheless, as AI technologies continue to mature and ecosystem support expands
through accelerators, public funding, and academic partnerships, early-stage startups
are increasingly capable of integrating AI into cost-sensitive operations [44]. Rather than
serving as a universal solution, AI functions as a complementary capability that enhances
efficiency when applied selectively and strategically. The following chapters build on
this discussion by examining the theoretical foundations, methodological approach, and
empirical evidence needed to assess how AI adoption translates into measurable cost
reductions in early-stage tech startups.

3.2 Research Context and Empirical Setting

Early-stage technology startups operate within environments characterized by financial
constraints, organizational fluidity, and high levels of market uncertainty. These condi-
tions require founders to make rapid decisions while managing limited human and eco-
nomic resources. Unlike established firms, startups cannot rely on scale or accumulated
slack to absorb inefficiencies, making cost control a central operational concern [10, 54].

Within this setting, Artificial Intelligence (AI) has emerged as a practical toolset
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rather than a purely technological trend. For early-stage startups, AI applications are
increasingly used to address concrete operational challenges, such as automating routine
processes, supporting data-driven decision-making, and improving resource allocation
[26, 13]. These capabilities are particularly relevant during the formative phases of venture
development, when inefficiencies can directly threaten viability [4].

The strategic relevance of AI for startups extends beyond automation. AI-enabled
tools allow startups to accelerate experimentation, refine customer acquisition strategies,
and shorten product development cycles, thereby improving operational efficiency under
uncertainty [74, 45]. Access to real-time insights also enables faster strategic pivots, a
capability that is critical during early-stage market validation [32].

Recent advances in the technological ecosystem have further reduced barriers to AI
adoption. The widespread availability of cloud-based AI services, open-source frame-
works, and modular software solutions enables startups to deploy AI capabilities without
substantial upfront investments in infrastructure or specialized personnel [66]. Combined
with increasing data availability and scalable computing resources, these developments
have created a more accessible environment for AI experimentation within entrepreneurial
contexts [51].

From an economic perspective, startups play a significant role in innovation diffusion
and job creation, making their sustainability a matter of broader economic relevance [11].
Their ability to survive early-stage constraints through effective cost management has
implications not only for firm-level performance but also for innovation ecosystems more
broadly. Consequently, examining how AI can be leveraged to support cost efficiency in
startups represents both an academic and practical concern.

This study is situated at the intersection of AI adoption, startup management, and
cost efficiency. It focuses on early-stage technology startups and examines how AI tools
and mechanisms can be strategically applied to mitigate financial constraints and support
sustainable growth trajectories.

The rapid advancement of Artificial Intelligence (AI) technologies has dramatically
transformed numerous sectors, including healthcare, finance, manufacturing, and en-
trepreneurship. Among these, the startup ecosystem presents a particularly fertile ground
for the integration of AI due to its dynamic nature, high uncertainty, and pressing need
for resource optimization [37]. Tech startups, characterized by innovation-driven growth
and lean organizational structures, are under constant pressure to deliver value rapidly
while managing limited resources [31].

In the early stages, startups face significant challenges related to high operational
costs, inefficient resource allocation, and intense market competition. These challenges
are exacerbated by the scarcity of financial and human capital, which can jeopardize
the viability of emerging ventures [4]. AI presents a promising avenue to alleviate such
constraints by automating routine tasks, enhancing decision-making through predictive
analytics, and optimizing internal processes [69].

The integration of AI into startup operations is not merely a technical innovation
but a strategic lever that can potentially reduce costs and accelerate growth [51]. Star-
tups leveraging AI tools can optimize customer acquisition, improve product development
cycles, and streamline administrative functions, thereby achieving higher operational ef-
ficiency [13]. Additionally, AI-driven insights allow startups to pivot quickly in response
to market feedback, a critical capability in the highly uncertain early stages [19].

The broader technological landscape is witnessing a surge in accessible AI platforms
and frameworks such as TensorFlow, PyTorch, and cloud-based AI services, lowering the
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entry barriers for startups to adopt advanced technologies without significant upfront
investments [26]. Coupled with increasing computational power and big data availability,
these factors create a conducive environment for AI adoption in entrepreneurial ventures
[43].

Economically, startups contribute significantly to job creation and innovation ecosys-
tems globally. Supporting their survival and growth through cost reduction strategies is
therefore vital for economic development [11]. Socially, startups drive technological de-
mocratization and disrupt traditional industries, making their success critical for societal
progress [54]. Thus, understanding how AI can facilitate cost savings in startups is not
only an academic inquiry but a practical necessity with wide-reaching implications.

This research situates itself at the intersection of AI technology, startup management,
and cost efficiency. It aims to illuminate the pathways through which AI tools and mech-
anisms can be strategically employed by early-stage tech startups to mitigate financial
constraints and foster sustainable growth.

3.3 Problem Statement

Despite the recognized potential of AI to transform business processes, startups frequently
encounter challenges in effectively harnessing AI to reduce costs during their formative
stages. This gap arises due to several factors: the complexity of AI technologies, lim-
ited technical expertise within startups, uncertainty about return on investment (ROI),
and the lack of tailored frameworks to guide AI implementation in resource-constrained
environments [18].

Many startups adopt AI tools in an ad-hoc or experimental manner without a clear
understanding of how these technologies translate into cost efficiencies [44]. Furthermore,
existing literature predominantly focuses on AI applications in large enterprises, with lim-
ited empirical evidence on how early-stage startups, which operate under vastly different
conditions, can benefit from AI adoption [50].

The lack of structured knowledge leads to underutilization of AI capabilities or mis-
guided investments that fail to deliver expected financial benefits [70]. Consequently,
startups risk either overcommitting scarce resources to AI initiatives or missing out on
opportunities to streamline operations and reduce overheads.

This research addresses the central problem: How can AI be effectively leveraged
by tech startups in their early stages to reduce operational costs and enhance financial
sustainability? By exploring this question, the study aims to develop a nuanced under-
standing of AI mechanisms that specifically target cost reduction in startup contexts.

Solving this problem is crucial because early-stage startups operate with constrained
budgets and face high failure rates, often attributable to financial mismanagement or
inefficiencies [10]. Providing a strategic framework for AI adoption tailored to these
constraints can empower startups to optimize expenditures, allocate resources wisely,
and increase survival rates.

Moreover, by filling the gap in existing research concerning AI’s role in startup cost
management, this thesis contributes valuable insights to academic discourse and offers
practical guidelines for entrepreneurs, investors, and policymakers interested in fostering
innovation-driven growth.
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3.4 Key Concepts and Definitions

To ground this study, it is essential to clarify key terms and concepts that form the
foundation of the research.

3.4.1 Artificial Intelligence (AI)

Artificial Intelligence refers to the simulation of human intelligence processes by machines,
especially computer systems. These processes include learning (the acquisition of infor-
mation and rules for using it), reasoning (using rules to reach approximate or definite
conclusions), and self-correction [64]. AI encompasses various subfields such as machine
learning, natural language processing, computer vision, and robotics.

In the context of startups, AI typically involves applying machine learning algorithms
and data analytics to automate tasks, generate insights, and optimize decision-making
[69]. The rapid democratization of AI through open-source libraries and cloud services
has made it increasingly accessible to startups with limited resources.

3.4.2 Tech Startups

A tech startup is an early-stage company focused on developing innovative technology-
driven products or services with high growth potential. These organizations are charac-
terized by lean teams, agile development practices, and often operate under conditions
of extreme uncertainty [4].

Startups differ from established firms in terms of their resource constraints, rapid
iteration cycles, and reliance on external funding. Their success frequently depends on
their ability to innovate and scale quickly while managing costs effectively [10].

3.4.3 Early Stages of Startups

The early stages of a startup typically encompass the ideation, validation, and initial
scaling phases. During this period, startups focus on developing a minimum viable prod-
uct (MVP), acquiring early customers, and refining their business model based on market
feedback [62].

Financially, this stage is marked by high burn rates, limited revenue streams, and
reliance on seed funding or angel investments. Cost control during these phases is critical
for extending the runway and achieving milestones necessary for subsequent funding
rounds [31].

3.4.4 Cost Reduction

Cost reduction refers to the strategies and actions aimed at decreasing operational ex-
penses without compromising product quality or organizational performance [42]. In
startups, cost reduction often targets labor, procurement, development, and administra-
tive expenses.

Effective cost reduction is not merely about cutting costs indiscriminately but about
optimizing resource allocation and increasing operational efficiency. AI’s role in cost
reduction involves automating repetitive tasks, enhancing process accuracy, and enabling
data-driven decisions that minimize waste [51].
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3.4.5 Engineering Management Perspective

Engineering management integrates engineering principles with business practices to
plan, organize, and control technological resources effectively [21]. From this perspective,
the adoption of AI in startups is not solely a technical challenge but involves strategic
decision-making, resource management, and alignment with business goals.

This thesis adopts an engineering management lens to analyze how startups can sys-
tematically evaluate and implement AI technologies to achieve cost efficiencies, ensuring
both technical feasibility and business viability.
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Chapter 4

Methodology

4.1 Research Design

This study adopts a mixed-method research design combining qualitative and quantitative
approaches. The objective of this methodological choice is to capture both measurable
cost-related effects of Artificial Intelligence (AI) adoption and contextual insights related
to organizational practices, decision-making processes, and human factors in early-stage
technology startups.

Given the exploratory nature of the research questions and the limited availability
of standardized datasets on AI adoption in early-stage startups, a case study approach
was selected. Case studies allow for in-depth analysis of real-world organizational set-
tings and are particularly suitable for examining complex phenomena such as AI-enabled
transformation under conditions of uncertainty and resource constraints.

The research design is structured around longitudinal and comparative analysis. Specif-
ically, the study compares operational and cost-related conditions before and after AI
adoption within the same organization, as well as across startups with different AI adop-
tion strategies.

4.2 Research Objectives and Analytical Focus

The methodological framework is designed to address the following analytical objectives:

• To examine the role of AI in optimizing core startup functions, including marketing,
customer service, and product development.

• To identify and evaluate AI tools and platforms adopted by successful early-stage
technology startups.

• To analyze the relationship between AI adoption and agile decision-making prac-
tices.

• To explore regulatory, ethical, and governance considerations associated with AI
use in startup contexts.

These objectives guide data collection, variable selection, and analytical techniques
applied throughout the study.
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4.3 Preliminary Exploratory Phase

The research began with an exploratory phase aimed at establishing baseline knowledge
regarding cost structures in early-stage technology startups prior to AI adoption. This
phase involved a systematic review of academic literature, industry reports, and govern-
mental publications addressing startup costs, digital transformation, and AI adoption
trends.

In parallel, semi-structured discussions were conducted with IT recruiters and indus-
try practitioners. These conversations provided qualitative insights into typical staffing
patterns, hiring costs, skill requirements, and operational expenses in early-stage tech
startups before the introduction of AI-powered tools. This exploratory phase served two
purposes: first, to contextualize the case studies within broader industry practices; and
second, to inform the selection of relevant cost and efficiency indicators used in subsequent
analysis.

4.4 Case Study Selection

Two technology startups were selected as case studies based on their contrasting AI
adoption trajectories and data availability:

• DevSoftware Arch: a technology services startup currently in its fourth year of
operation.

• AiVerse: an AI-native startup designed from inception to operate with minimal
human resources supported extensively by AI tools.

The selection of these cases enables comparative analysis across different stages of AI
maturity and organizational strategies.

4.4.1 DevSoftware Arch

DevSoftware Arch represents a gradual AI adoption model. During its first two years of
operation, the company did not employ AI-based tools in its core processes. Cost data
from this period were collected to establish a baseline for operational expenses, staffing
levels, and productivity indicators.

In the subsequent two years, AI tools were introduced to augment existing human
resources rather than replace them. AI adoption focused on supporting software develop-
ment, internal workflows, and decision-making processes. The analysis examines changes
in efficiency, cost dynamics, and hiring practices following this augmentation, with par-
ticular attention to how AI influenced future recruitment needs rather than immediate
workforce reduction.

4.4.2 AiVerse

AiVerse represents an AI-first organizational model. From its inception, the startup
operated with a core team of two engineers, leveraging AI tools to perform functions
typically associated with marketing, customer support, product development, and oper-
ational management.
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Data collected from AiVerse focus on the advantages and limitations of a highly
AI-reliant structure. The analysis evaluates cost efficiency, operational flexibility, de-
pendency risks, and skill requirements, as well as the trade-offs associated with limited
human oversight.

4.5 Data Collection

Data collection combined internal company records, operational metrics, and qualitative
observations.

Quantitative data included:

• Operational costs (personnel, tools, infrastructure)

• Productivity and efficiency indicators

• Hiring timelines and staffing requirements

Qualitative data included:

• Observations on workflow changes following AI adoption

• Perceived impacts on decision-making speed and quality

• Challenges related to AI integration, learning curves, and governance

All data were anonymized and aggregated where necessary to ensure confidentiality.

4.6 Comparative Analytical Framework

The analysis follows a before-and-after comparison for DevSoftware Arch and a cross-
case comparison between DevSoftware Arch and AiVerse. Key dimensions of comparison
include:

• Operational efficiency

• Cost structure and cost evolution

• Impact on hiring practices and workforce composition

• Skill acquisition and learning requirements for engineers

• Limitations and risks associated with AI dependence

• Ethical, regulatory, and governance considerations

This framework enables systematic evaluation of how different AI adoption strategies
influence organizational outcomes.
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4.7 Data Processing and Analysis Techniques

Python was used as the primary tool for data cleaning, aggregation, and analysis. Raw
cost and operational data were standardized to ensure comparability across time peri-
ods and organizations. Descriptive statistics were employed to identify trends in cost
reduction, efficiency gains, and hiring impacts.

Visualizations and summary metrics were generated to support interpretability and
facilitate comparison across cases. The analytical process was iterative, allowing insights
from initial analyses to inform further refinement of variables and indicators.

4.8 Validity and Limitations

To enhance internal validity, data were triangulated across multiple sources, including fi-
nancial records, operational metrics, and qualitative insights from industry professionals.
The use of longitudinal data for DevSoftware Arch further strengthens causal interpreta-
tion regarding AI adoption effects.

However, the findings are subject to limitations inherent in case study research. Re-
sults may not be directly generalizable to all startups, particularly those operating in
different industries or regulatory environments. Additionally, the rapid evolution of AI
tools may affect the long-term applicability of specific findings.

4.9 Ethical Considerations

The study adheres to ethical research standards. No personally identifiable data were col-
lected or disclosed. Discussions regarding AI-related risks, including bias, transparency,
and workforce implications, are treated analytically rather than normatively. The re-
search aims to inform responsible and context-aware AI adoption in startup environ-
ments.
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Chapter 5

Findings

5.1 AI Adoption in Startups: A Product and Engi-

neering Management Perspective

From an engineering management and project management standpoint, early-stage tech-
nology startups operate under a persistent tension between three competing objectives:
delivering high-quality products, minimizing costs, and reducing time-to-market. Unlike
mature organizations, startups rarely have the financial or organizational slack required to
absorb inefficiencies, rework, or prolonged experimentation. Decisions related to technol-
ogy adoption are therefore closely tied to product feasibility, delivery speed, and long-term
sustainability rather than technological novelty alone.

For technology startups, particularly in software-intensive domains, product success
depends not only on innovation but also on execution discipline. Engineering man-
agers must continuously balance accuracy, reliability, security, and scalability against
constrained budgets and small development teams. In this context, startups actively
seek solutions that can increase output per engineer, reduce coordination overhead, and
support faster iteration cycles without compromising product quality. Artificial Intelli-
gence (AI) has increasingly been perceived as a potential mechanism to address these
pressures by augmenting human capabilities, automating repetitive activities, and sup-
porting data-driven decision-making.

Within startup environments, several operational factors emerge as consistently crit-
ical. These include development efficiency, quality assurance, system reliability, security,
and the ability to respond rapidly to changing requirements. Additionally, hiring con-
straints play a significant role: recruiting specialized talent is costly, time-consuming, and
risky for early-stage ventures. As a result, startups often favor tools and processes that
allow smaller teams to manage broader responsibilities without proportional increases in
headcount. AI-enabled tools are frequently adopted under the expectation that they can
support these objectives by enhancing productivity, reducing manual effort, and enabling
more informed managerial decisions.

Against this background, AI adoption in startups is not driven by automation alone
but by the promise of improving product delivery under tight constraints. This be-
lief—shared by founders, engineering managers, and investors—motivates experimenta-
tion with AI across development, analytics, operations, and project coordination. The
following sections contextualize these dynamics through two technology startups operat-
ing in distinct domains but facing comparable managerial pressures.
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5.2 Product Contexts and Organizational Constraints

5.2.1 DevSoftware Arch: Financial Software Development Un-
der Accuracy and Security Constraints

DevSoftware Arch is a technology startup focused on the development of financial dash-
boards and web-based applications designed to process and visualize real financial data.
From an engineering management perspective, the product domain imposes particularly
strict constraints. Accuracy is a non-negotiable requirement, as even minor calculation
errors can have significant financial and legal consequences for end users. In parallel,
data security and privacy are critical due to the sensitive nature of personal and financial
information handled by the system.

These constraints shape both technical and managerial decisions. Development work-
flows must emphasize validation, testing, and traceability, often increasing delivery time
and operational cost. Security considerations require additional layers of review, compli-
ance checks, and infrastructure safeguards. As a result, engineering managers at Dev-
Software Arch face continuous trade-offs between speed, cost, and risk mitigation.

In its early operational phase, the company relied entirely on human-driven processes
for development, testing, documentation, and internal coordination. As the organization
matured, AI tools were introduced not to replace engineers but to augment existing roles.
The intent was to improve efficiency in areas such as code review support, documentation
generation, internal analytics, and workflow coordination, while preserving human over-
sight for critical financial logic and security-related decisions. This gradual augmentation
approach reflects a risk-aware adoption strategy aligned with the high-stakes nature of
financial software systems.

5.2.2 AiVerse: Game Technology, Decentralization, and AI-
First Operations

AiVerse operates in a markedly different domain: game technology, with a strategic focus
on play-to-earn (P2E) gaming models and decentralized autonomous organization (DAO)
structures. In this context, products are designed not only for entertainment but also
for economic interaction within blockchain-based ecosystems. Play-to-earn games allow
users to earn digital assets through gameplay, while DAO-based governance distributes
decision-making authority across token-holding participants rather than centralized man-
agement.

From an engineering management perspective, this domain introduces a distinct set of
constraints and priorities. Speed of development, scalability, and community engagement
are critical, while product requirements evolve rapidly in response to user behavior and
ecosystem dynamics. Unlike financial software, where conservatism and stability domi-
nate, game technology startups must prioritize iteration speed, experimentation, and cost
containment to remain competitive.

AiVerse was intentionally designed as an AI-first organization, operating with a mini-
mal core engineering team. Functions traditionally distributed across multiple roles—such
as content generation, analytics, community interaction, and operational coordination—were
supported extensively by AI tools. This structure reflects a strategic decision to explore
the limits of AI-driven augmentation in a creative and fast-moving environment. While
this approach offers significant cost advantages and flexibility, it also introduces challenges
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related to tool dependency, quality control, and governance of automated systems.

5.3 AI as a Managerial Response to Startup Con-

straints

Across both startups, AI adoption emerges as a managerial response to structural con-
straints rather than a purely technical initiative. Despite operating in different industries,
DevSoftware Arch and AiVerse share common pressures related to limited resources, small
teams, and the need to deliver viable products quickly. AI tools are adopted with the
expectation that they can support faster decision-making, reduce operational friction,
and extend the effective capacity of engineering teams.

However, the manner in which AI is integrated differs significantly. In financially
sensitive environments, AI is introduced cautiously and selectively, emphasizing augmen-
tation and control. In contrast, creative and decentralized environments allow for more
aggressive experimentation with AI-driven processes. These differences highlight that AI
adoption is shaped by product requirements, risk tolerance, and managerial priorities
rather than by technology availability alone.

The findings presented in the following sections build on these contextual foundations
by comparing outcomes before and after AI adoption across efficiency, cost structure,
hiring practices, learning requirements, and operational challenges. By grounding the
analysis in concrete product contexts, this study aims to move beyond abstract discussions
of AI potential and instead examine how AI functions as a practical tool within real
startup environments.

5.4 AI Tools Adopted in the Case Studies

The adoption of Artificial Intelligence within the two case study startups—DevSoftware
Arch and AiVerse—was operationalized through a portfolio of AI-enabled tools rather
than a single integrated system. From an engineering management perspective, this tool-
based adoption reflects a pragmatic approach: startups selectively integrate AI where
it can measurably support product quality, development efficiency, coordination, and
decision-making under resource constraints.

Across both cases, AI tools were primarily employed in five functional domains: de-
sign, software development, project and product management, decision support, and
marketing. The following subsections describe these tool categories, their role within
each startup, and their contribution to operational outcomes.

5.4.1 AI Tools for Design

AI-enhanced design platforms were employed in both case studies to support rapid proto-
typing, interface iteration, and the early definition of user experience. In particular, tools
such as Figma and Lovable were used to accelerate visual exploration and to translate
conceptual ideas into functional interface prototypes with reduced manual effort. These
platforms integrate assistive and generative AI capabilities that support layout sugges-
tions, component reuse, and visual consistency, thereby lowering the time and expertise
required during early design phases.
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Existing literature suggests that AI-assisted design systems can significantly shorten
design iteration cycles and reduce coordination costs between design and development
teams, especially in resource-constrained startup environments [25, 22]. By automating
repetitive design tasks and facilitating rapid experimentation, such tools enable startups
to validate interface assumptions earlier in the development process.

In the case of DevSoftware Arch, AI-supported design tools were primarily applied to
improve clarity, consistency, and precision in financial dashboard interfaces. Given that
the application processes real financial data, interface accuracy and visual unambiguity
were treated as critical design constraints. AI-assisted components were therefore used to
standardize layouts, reduce visual noise, and minimize the risk of user misinterpretation.

Conversely, AiVerse adopted AI-enhanced design platforms to enable fast iteration
over visual styles, interaction patterns, and thematic elements typical of play-to-earn
game environments. The ability to generate and modify interface concepts rapidly sup-
ported early-stage experimentation and market testing of game mechanics, without re-
quiring dedicated design teams.

5.4.2 AI-Assisted Software Development and Coding

Both startups integrated AI-assisted development tools to augment software engineering
activities, particularly in code generation, debugging support, and technical documenta-
tion. These tools are generally based on large language models trained on extensive code
repositories and software engineering corpora, allowing them to provide context-aware
suggestions, boilerplate generation, and semantic explanations of code structures.

Prior empirical research indicates that AI-assisted programming tools can increase
developer productivity and reduce development time when used as supportive instru-
ments rather than autonomous coding agents [20, 77]. Consistent with these findings,
both case studies adopted AI tools as complementary resources within human-controlled
development workflows.

In DevSoftware Arch, AI-assisted development was applied selectively using tools
such as GitHub Copilot and Claude Sonnet. GitHub Copilot was primarily employed
to accelerate routine coding tasks, generate standard patterns, and assist with inline
documentation, while human engineers retained full responsibility for core business logic,
data validation, and security-sensitive components. This controlled usage was essential
due to the financial nature of the platform and the strict requirements for correctness,
traceability, and data protection.

Claude Sonnet was used mainly as a reasoning and explanation aid, supporting en-
gineers in understanding complex code segments, reviewing architectural decisions, and
drafting internal technical documentation. Its use emphasized interpretability and con-
textual reasoning rather than direct code execution, aligning with recommendations from
recent studies on AI-supported software engineering cognition [77].

In AiVerse, AI-assisted development played a more central operational role. Tools
such as Antigravity were used to accelerate prototyping and iterative development cy-
cles, particularly in game logic scripting and experimental feature testing. This enabled
a very small engineering team to cover multiple functional responsibilities typically dis-
tributed across larger teams. However, this approach required systematic code review,
refactoring, and technical debt management to preserve long-term maintainability and
system stability.

25



5.4.3 AI in Project and Product Management

Project coordination and task prioritization in both case studies were supported through
AI-enhanced project management platforms integrating predictive analytics, automated
summarization, and workload analysis. These systems process task dependencies, his-
torical execution data, and resource allocation patterns to assist managers in identifying
scheduling risks and emerging bottlenecks before they materialize.

Prior research in engineering and project management indicates that AI-supported
planning tools improve decision quality and reduce coordination overhead when they are
designed to augment managerial judgment rather than replace it [48]. Consistent with
this view, AI features in both startups were applied as decision-support mechanisms for
backlog refinement, progress monitoring, and cross-functional alignment during phases of
rapid iteration.

In DevSoftware Arch, the primary AI-supported project management tool was Asana.
Its AI-assisted features were used to summarize task updates, highlight delays, and sup-
port prioritization across development and compliance- related activities. Given the reg-
ulatory sensitivity of financial software, AI outputs were treated as advisory, with final
planning and approval decisions remaining under explicit human control.

In contrast, AiVerse relied more heavily on Epicflow to manage project coordination
and resource allocation. Epicflow’s predictive analytics capabilities were employed to an-
ticipate resource constraints and optimize task sequencing across concurrent development
streams. This approach supported a small team in handling multiple parallel initiatives
typical of game development environments, where iteration speed and dependency man-
agement are critical.

5.4.4 AI-Based Decision Support and Analytics

AI-driven analytics and decision-support tools were employed to assist founders and en-
gineering managers in interpreting operational data and evaluating strategic alternatives.
These tools support pattern recognition, forecasting, and scenario analysis, which are par-
ticularly valuable in early-stage startups where uncertainty and information asymmetry
are high.

Empirical research highlights that AI-supported decision systems can improve fore-
cast accuracy and resource allocation, provided that human oversight remains central to
interpretation and final decision-making [69, 60]. In DevSoftware Arch, AI-supported an-
alytics informed decisions related to system scalability, feature prioritization, and future
hiring needs. In AiVerse, analytics tools were primarily exploratory, supporting analysis
of player behavior and in-game economic dynamics.

Across both cases, AI tools were used to narrow decision spaces and surface relevant
signals rather than to automate strategic choices.

5.4.5 AI Tools for Marketing and User Engagement

Marketing and user engagement activities were supported through AI-enabled content
generation and campaign optimization tools. These systems leverage machine learning
to personalize messaging, optimize timing, and evaluate performance across channels.

Studies on AI-driven marketing indicate that such tools can improve targeting preci-
sion and reduce inefficiencies in customer acquisition spending, particularly for startups
with limited budgets [38]. In AiVerse, AI-supported tools were critical for managing
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community engagement in decentralized environments, while DevSoftware Arch applied
AI primarily to informational content and client-facing communication.

From an engineering management standpoint, AI-enabled marketing tools facilitated
rapid experimentation and evidence-based allocation of marketing resources, contributing
to cost efficiency without increasing organizational complexity.

5.4.6 Cross-Case Observations on Tool Adoption

Across both case studies, several common patterns emerged. First, AI tools were most
effective when used as augmentative systems rather than autonomous decision-makers.
Second, the value of AI tools depended strongly on integration with existing workflows and
on the ability of engineers and managers to interpret and validate AI outputs. Third, tool
adoption influenced hiring strategies by shifting demand toward hybrid profiles capable
of combining technical expertise with AI literacy.

While the specific tools and intensity of use differed between DevSoftware Arch and
AiVerse, both startups treated AI as an operational enabler rather than a substitute for
engineering judgment. This approach mitigated risk while allowing measurable gains in
efficiency, speed, and flexibility.

5.5 Basic ‌crew ‌setups, ‌plus timelines for building

them out in startups at the kickoff stage. (Pre-

AI)

Understanding the impact of Artificial Intelligence on startup efficiency requires estab-
lishing a baseline that reflects how early-stage ventures traditionally operate without AI
augmentation. Prior to the widespread adoption of AI-assisted tools, both fintech and
game technology startups relied primarily on human-driven processes for design, develop-
ment, testing, and coordination. This section reviews established industry and academic
evidence to outline typical team structures and development timelines required to deliver
a Minimum Viable Product (MVP) in these two domains.

5.5.1 Typical Team Composition in Early-Stage Startups

Early-stage startups are generally characterized by lean team structures, with individ-
uals covering multiple functional roles. However, the minimum viable team required to
deliver an MVP differs significantly between fintech and game technology startups due
to regulatory, technical, and experiential constraints.

In fintech startups, literature consistently identifies a core team consisting of: (i)
one or two backend engineers responsible for data processing and system logic, (ii) one
frontend engineer focusing on user interfaces and dashboards, (iii) a UX/UI designer to
ensure clarity and usability, particularly for data-heavy interfaces, and (iv) a domain or
compliance-oriented role, often fulfilled by a founder, to address financial regulations and
data protection requirements [35, 3].

Game technology startups, particularly those developing play-to-earn or online games,
require a broader creative and technical skill set. A minimal pre-AI game startup team
typically includes: (i) one or two gameplay or engine developers, (ii) a game designer
responsible for mechanics and progression systems, (iii) a visual artist or UI designer
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for assets and animations, and (iv) a quality assurance (QA) or playtesting role, often
informal in early stages.

Empirical studies on startup staffing show that, prior to AI adoption, even highly
resource-constrained teams required between 4 and 7 individuals to cover these functions
adequately, with role overload frequently cited as a source of burnout and project delays
[58].

5.5.2 Design Phase Duration and Constraints

The design phase in pre-AI startup environments was predominantly manual and itera-
tive. In fintech startups, UX and interface design is particularly critical due to the need
for accuracy, transparency, and regulatory compliance. Studies report that early-stage
fintech teams typically spent between 8 and 17 weeks on initial interface design and user
flow validation before development began [30].

In contrast, game startups often experienced longer and more exploratory design
phases. Concept art, interaction design, and gameplay prototyping frequently required 6
to 12 weeks, driven by the need to test player engagement and experiential quality rather
than functional correctness alone [30, 67].

Without AI-assisted design tools, iteration cycles were slower, and feedback collection
relied heavily on manual reviews, internal playtesting, or small user panels. This increased
coordination costs between designers and developers and often delayed progression to full
implementation.

5.5.3 Development and Coding Timelines

Development timelines in pre-AI startups were largely shaped by manual coding, lim-
ited automation, and reliance on human expertise for debugging and documentation. For
fintech MVPs, academic and industry evidence indicates that backend and frontend devel-
opment typically required 3 to 5 months, depending on system complexity and integration
with external financial APIs [35].

Security implementation, data validation, and compliance checks further extended
development time, as fintech startups could not afford functional errors or data leakage.
As a result, development phases were often sequential rather than parallel, leading to
longer overall timelines.

Game startups exhibited more variable development durations. Simple MVPs could
be developed within 4 to 6 months, while more interactive or multiplayer prototypes
frequently required longer cycles due to gameplay balancing, asset integration, and engine-
specific constraints [8].

In both domains, the absence of AI-assisted coding tools meant that repetitive tasks—such
as boilerplate code generation, refactoring, and documentation—consumed a significant
portion of developer time, reducing overall productivity.

5.5.4 Testing, Validation, and MVP Readiness

Testing and validation represent critical but often underestimated stages in pre-AI startup
development. Fintech startups typically allocated 4 to 8 weeks to testing, encompassing
functional testing, security audits, and user acceptance tests [3]. Manual testing processes
dominated, with limited automation due to time and cost constraints.
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Game startups relied heavily on manual playtesting to identify usability issues, balance
mechanics, and detect bugs. This phase often overlapped with late-stage development
and extended MVP readiness by an additional 4 to 6 weeks [30]. The lack of predictive
testing tools meant that many issues were discovered late, increasing rework costs.

Overall, empirical evidence suggests that, prior to AI adoption, the average time to
deliver an MVP ranged from 6 to 9 months for fintech startups and 7 to 12 months for
game technology startups, depending on scope and complexity [58].

5.5.5 Summary of Pre-AI MVP Baseline

Before the integration of AI-assisted tools, early-stage fintech and game startups operated
with relatively larger teams, longer iteration cycles, and higher coordination overhead.
Manual design, coding, and testing processes limited speed and scalability, making cost
efficiency and rapid experimentation difficult to achieve. Establishing this baseline pro-
vides a necessary reference point for evaluating how AI adoption alters team structure,
development timelines, and resource allocation in subsequent chapters.

5.6 AI-Assisted MVP Development: Case Study Com-

parison

To evaluate the practical impact of Artificial Intelligence on early-stage startup execu-
tion, this section compares the development timelines observed in the two case stud-
ies—DevSoftware Arch (fintech) and AiVerse (game technology)—before and after the
introduction of AI-assisted tools. The analysis focuses on changes in design, development,
testing, and overall MVP readiness, with particular attention to how AI altered execution
speed without fundamentally changing governance structures or team accountability.

In DevSoftware Arch, the initial MVP was developed during the first two years of
operation under a conventional, non-AI-supported workflow. During this phase, the end-
to-end process—from early design to production-ready MVP—required approximately
nine months. Design activities alone extended over nearly four months due to manual
interface iteration, repeated validation cycles, and close coordination between design
and development teams. Core development required roughly five months, followed by
nearly two months of testing and validation, reflecting the stringent accuracy and security
requirements typical of financial applications.

In the subsequent two years, AI tools were gradually introduced to support, rather
than replace, existing engineering and design roles. Under this augmented workflow, the
time required to reach MVP readiness was reduced to approximately seven and a half
months. Design activities were completed in just over three months, supported by AI-
assisted prototyping and faster iteration cycles. Development activities were shortened to
slightly over four months, as AI-assisted coding, debugging, and documentation reduced
repetitive workload. Testing and validation phases were completed in approximately six
weeks, aided by AI-supported test generation and anomaly detection, while maintaining
regulatory and security standards.

In AiVerse, AI adoption was embedded from the outset of the startup’s lifecycle. The
company operated with a minimal engineering team and relied extensively on AI tools to
support design exploration, gameplay scripting, asset iteration, and early-stage market
testing. In comparable pre-AI game technology startups, MVP development commonly
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requires between ten and twelve months, driven by prolonged concept validation, iterative
gameplay balancing, and manual testing cycles.

By contrast, AiVerse reached MVP readiness in approximately nine months. Ini-
tial design and concept validation were completed in roughly two and a half months,
supported by AI-assisted visual prototyping and rapid experimentation with interaction
patterns. Core development activities required just under five months, during which AI-
supported coding tools enabled rapid prototyping and feature iteration. Final testing and
balancing phases were completed in approximately six weeks, supported by AI-assisted
simulation and logging tools that accelerated bug identification and gameplay tuning.

Across both case studies, AI did not eliminate traditional development stages but
compressed their duration by reducing coordination overhead, accelerating iteration, and
enabling partial parallelization of tasks that were previously sequential. These results
suggest that AI functions most effectively as an execution accelerator rather than a sub-
stitute for human expertise, allowing early-stage startups to reach technical and market
readiness in shorter timeframes while preserving quality and control.

5.6.1 Comparative MVP Development Timelines

Figure 5.1 illustrates the differences in MVP development timelines between a traditional
pre-AI startup workflow and the AI-assisted approaches observed in the two case studies.
Rather than reflecting isolated improvements in a single activity, the comparison reveals
a systematic compression of time across all development phases.

In the fintech context, the transition from a conventional workflow to an AI-augmented
process shortened the overall MVP timeline from approximately nine months to just over
seven months. Time reductions were distributed across design, implementation, and
validation activities, indicating that AI primarily acted as a coordination and execution
accelerator rather than as a substitute for domain expertise.

A similar pattern emerged in the game technology case. While pre-AI development
cycles commonly extended to around eleven months, the AI-assisted workflow enabled
MVP readiness in approximately nine months. Notably, gains were achieved not only in
coding and asset production but also in early design exploration and late-stage testing,
where AI-supported iteration reduced rework and feedback latency.

Taken together, these findings suggest that AI contributes to startup efficiency through
cumulative, cross-phase improvements. The observed timeline reductions are consistent
with an augmentation model, in which AI enhances speed and flexibility without elimi-
nating established development stages.
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Figure 5.1: Comparison of MVP development timelines across pre-AI and AI-assisted
startup workflows

Figure 5.1 summarizes the observed differences in development timelines between
AI-assisted and non-AI-supported workflows across both startup contexts. In fintech
development, the total time to MVP was reduced from approximately nine months to
around seven and a half months. In game technology development, the corresponding
reduction was from approximately eleven months to nine months. These differences
highlight the cumulative impact of AI assistance across design, development, and testing
phases rather than isolated efficiency gains in a single activity.

5.7 Cash ‌flows ‌shift of AI-Driven Efficiency Gains in

Startup Teams

The preceding analysis demonstrated that Artificial Intelligence (AI) can compress de-
velopment timelines by approximately an efficiency improvement in the range of approx-
imately 20% for early-stage startups This section examines the financial implications of
such efficiency gains by estimating the potential labor cost savings for startup teams of
4 – 8 members operating within the European Union (EU), drawing on empirical data
from academic and governmental sources.

5.7.1 Labor Cost Baseline for Early-Stage Startup Teams in the
EU

Labor costs typically represent the majority of expenditures for technology startups,
particularly in the early stages when external services and capital investment are limited.
The European Commission’s “Labour cost levels – 2019” report provides standardized
measures for employer labor costs across EU member states, including wages, social
contributions, and mandatory benefits [28].

According to these data, the average annual labor cost per employee in the EU tech-
nology sector ranges roughly between EUR 45,000 and EUR 65,000, depending on country
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and skill level. Higher costs are observed in Western and Northern European economies,
while costs in Central and Eastern Europe trend lower but remain significant even for
early-stage ventures. Complementary research indicates that, in high-skill knowledge
work such as software engineering, effective labor costs (including taxes and social con-
tributions) can exceed EUR 70,000 per annum in leading EU innovation hubs [75].

For the purposes of this analysis, a conservative labor cost range of EUR 50,000 to
EUR 70,000 per employee per year is adopted as representative of early-stage startup
conditions within the EU.

5.7.2 Team Size Scenarios and Baseline Costs

Using this labor cost baseline, a startup team of 4 to 8 members incurs the following
approximate annual labor costs:

• 4-member team: EUR 200,000 – EUR 280,000

• 6-member team: EUR 300,000 – EUR 420,000

• 8-member team: EUR 400,000 – EUR 560,000

These figures represent direct employer costs and do not include infrastructure, soft-
ware, office, or compliance expenditures, all of which add additional financial burden
for early-stage startups. Nonetheless, labor costs comprise the largest single expense
category and are therefore the most sensitive to efficiency improvements.

5.7.3 Translating Efficiency Gains into Cost Savings

An efficiency improvement of 12 – 20 as a proportional reduction in labor expenditure
for a given output level. If a startup can deliver equivalent product value in 80 – 88
required, then annualized labor costs for the same functional output can be interpreted
as effectively reduced by a similar proportion.

Applying this range to the team cost scenarios above yields the following approximate
potential labor cost savings:

• Four-member team:

– An estimated efficiency improvement of approximately 20% corresponds to a
labor cost reduction in the range of EUR 40,000 to EUR 56,000.

• Six-member team:

– An estimated efficiency improvement of approximately 20% corresponds to a
labor cost reduction in the range of EUR 60,000 to EUR 84,000.

• Eight-member team:

– An estimated efficiency improvement of approximately 20% corresponds to a
labor cost reduction in the range of EUR 80,000 to EUR 112,000.

These savings reflect theoretical reductions in labor cost for equivalent output levels,
and assume that AI efficiency improvements do not incur proportionally higher overhead
in other cost categories.
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5.7.4 Discussion of Assumptions and Real-World Considera-
tions

The cost savings estimated above depend on several assumptions:

• Output equivalence: The analysis assumes that AI-driven efficiency gains allow
the same quality and scope of MVP to be delivered in less time, rather than reducing
the overall scope of output.

• Linear cost reduction: Labor cost savings are calculated proportionally relative
to time savings; this assumes that reduced time directly translates into reduced
labor costs within the same accounting period.

• Stable cost structure: It is assumed that other operational costs (software li-
censes, cloud infrastructure, marketing, legal) remain constant and do not offset
labor cost savings.

Empirical evidence from startup finance research indicates that labor costs are indeed
the most variable and impactful expenditure for early-stage ventures. Reducing the
duration of labor-intensive activities, therefore, has a disproportionately positive effect
on cash runway and capital efficiency [5, 53].

5.7.5 Implications for Startup Survival and Investment

For early-stage startups with limited financial buffers, the labor cost savings illustrated
above can materially extend the runway available before seeking additional capital. This
is particularly salient in markets where funding cycles are volatile and external financing
is uncertain. Furthermore, effective labor cost management can improve key performance
indicators (KPIs) used by investors, such as burn rate, time to MVP, and capital efficiency,
potentially increasing access to follow-on financing.

By providing a quantifiable link between AI-driven efficiency and labor cost savings,
this analysis contributes to a more grounded understanding of the economic value of AI
adoption in startup contexts.
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Chapter 6

Results and Discussion

The empirical analysis conducted across the two case studies provides consistent evidence
that the integration of Artificial Intelligence can substantially improve operational effi-
ciency in early-stage technology startups. When AI tools were introduced as supportive
mechanisms alongside existing human teams, both startups exhibited measurable gains
in productivity, coordination speed, and task throughput. Across comparable develop-
ment phases and team structures, overall efficiency gains approached one-fifth of baseline
performance levels, translating into significant labor cost reductions.

From a financial perspective, these efficiency improvements resulted in observable
cost savings ranging from approximately EUR 40,000 to over EUR 100,000 during the
MVP development cycle, depending on team size and functional composition. Smaller
teams benefited primarily through reduced development time and delayed hiring needs,
while larger teams experienced savings through improved utilization of existing personnel
rather than direct workforce reduction.

6.0.1 The Existence of an Efficiency Threshold

A central finding of this study is the presence of a clear efficiency threshold in AI-assisted
startup environments. While AI contributed meaningfully to accelerating design, devel-
opment, testing, and coordination activities, the results indicate that these gains are not
linear or unbounded. Beyond a certain point, additional reliance on AI tools yielded
diminishing returns and, in some cases, introduced new sources of overhead related to
supervision, validation, and correction.

This threshold reflects the fundamental limitation of AI systems in early-stage con-
texts: AI excels at accelerating execution, pattern recognition, and repetitive tasks, but it
cannot fully replace human judgment, domain expertise, or accountability. In both case
studies, critical decisions involving architectural design, security, regulatory compliance,
and creative direction remained firmly dependent on experienced human contributors.
Attempts to over-automate these activities increased coordination costs and technical
debt rather than reducing them.

Consequently, the most effective configuration observed was not maximal automation,
but balanced augmentation. AI functioned as a force multiplier for skilled engineers,
designers, and managers, rather than as a substitute for them.
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6.0.2 Human Capital as the Binding Constraint

The findings emphasize that strong human resources remain the binding constraint in
early-stage startups. AI tools amplified the productivity of competent teams, but they did
not compensate for missing expertise or poor organizational structure. In the fintech case,
AI-assisted workflows improved speed and accuracy, yet final validation and risk control
depended on experienced engineers and compliance-aware decision-makers. Similarly, in
the game technology case, AI accelerated experimentation and iteration, but creative
coherence and gameplay balance required continuous human intervention.

This reinforces the interpretation that AI-driven efficiency gains plateau once core
human capabilities are saturated. Beyond this point, further cost reduction through AI
alone becomes impractical and potentially counterproductive.

6.0.3 Computational Validation Using Python-Based Analysis

To quantitatively validate the empirical observations derived from the case studies, a
Python-based analytical model was developed and applied to the collected data. The
purpose of this computational analysis was to identify whether AI-driven efficiency im-
provements exhibit diminishing returns as the intensity of AI adoption increases relative
to team size and task distribution.

The model integrates three core components: (i) task productivity, (ii) time-to- com-
pletion for a Minimum Viable Product (MVP), and (iii) labor cost dynamics. Produc-
tivity is modeled as a non-linear function of AI intensity, reflecting initial acceleration
effects followed by saturation caused by coordination, review, and integration overhead.
This structure reflects well-documented limitations of automation in knowledge-intensive
work.

Efficiency is expressed as the ratio between effective productivity and total labor
cost. By iterating across increasing levels of AI-supported workload, the model identifies
a threshold beyond which additional AI integration yields diminishing economic returns.
The computational results closely align with observations from both DevSoftware Arch
and AiVerse, thereby providing independent validation of the qualitative findings.

The Python implementation used for this analysis is reported below to ensure repro-
ducibility and methodological transparency.
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1 import numpy as np

2 import pandas as pd

3 import matplotlib.pyplot as plt

4

5 # Model parameters

6 team_size = 6

7 avg_salary_per_engineer = 65000 # EUR/year (EU early -stage

average)

8 monthly_cost_per_engineer = avg_salary_per_engineer / 12

9

10 baseline_productivity = 1.0

11 ai_productivity_gain = 0.35

12 coordination_penalty = 0.25

13

14 # AI adoption levels

15 ai_intensity = np.linspace(0, 1, 50)

16

17 def effective_productivity(ai_level):

18 gain = ai_productivity_gain * (1 - np.exp(-4 * ai_level))

19 penalty = coordination_penalty * (ai_level ** 2)

20 return baseline_productivity + gain - penalty

21

22 productivity = np.array([ effective_productivity(a) for a in

ai_intensity ])

23

24 # Time -to -MVP model

25 baseline_mvp_time = 9.0 # months (pre -AI baseline)

26 time_to_mvp = baseline_mvp_time / productivity

27

28 # Cost model

29 monthly_team_cost = team_size * monthly_cost_per_engineer

30 total_cost = time_to_mvp * monthly_team_cost

31

32 # Efficiency metric

33 efficiency = productivity / total_cost

34

35 # Threshold detection

36 threshold_index = np.argmax(efficiency)

37 optimal_ai_level = ai_intensity[threshold_index]

38

39 # Visualization

40 plt.figure(figsize =(10, 6))

41 plt.plot(ai_intensity , efficiency , label="Efficiency")

42 plt.axvline(optimal_ai_level , linestyle="--", color="red",

43 label=f"Efficiency threshold {optimal_ai_level :.2

f}")

44 plt.xlabel("AI intensity")

45 plt.ylabel("Efficiency (output per euro)")

46 plt.title("AI Adoption Threshold and Diminishing Returns")

47 plt.legend ()
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48 plt.grid(True)

49 plt.show()

Listing 6.1: Python model for identifying AI efficiency thresholds

Figure 6.1: AI adoption intensity and efficiency threshold

6.0.4 Interpretation of Computational Results

Figure 6.1 illustrates the relationship between AI adoption intensity and overall efficiency.
The curve demonstrates a rapid increase in efficiency during early AI integration, followed
by a plateau once AI-supported tasks exceed a critical share of the total workload.

The identified threshold corresponds to a configuration in which AI augments human
labor without overwhelming coordination structures or increasing review effort dispro-
portionately. Beyond this point, efficiency gains stabilize and additional automation
contributes marginal economic value.

These results confirm that AI adoption in early-stage tech startups produces substan-
tial improvements in productivity and cost efficiency, but only up to a bounded level.
AI is therefore most effective when deployed as a complementary capability embedded
within skilled human teams rather than as a full replacement strategy.

6.1 Advantages of AI Adoption in Early-Stage Star-

tups

Artificial Intelligence has increasingly been recognized as a complementary capability that
reshapes how early-stage startups allocate effort, make decisions, and progress through
innovation cycles. Rather than functioning solely as an automation technology, AI al-
ters the balance between human labor and computational support, enabling startups to
operate more efficiently under conditions of uncertainty and resource scarcity.
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6.1.1 Operational Efficiency and Reallocation of Human Effort

A primary advantage of AI adoption in early-stage startups is the redistribution of human
effort away from repetitive and administrative activities toward tasks that require judg-
ment, creativity, and domain expertise. AI techniques such as machine learning, natural
language processing, and rule-based automation are commonly applied to scheduling,
reporting, customer interaction, and basic content generation.

Empirical evidence suggests that automating these bounded activities improves through-
put and reduces coordination overhead, particularly in small teams where individuals
often cover multiple roles [25]. By reducing the time founders and engineers spend on
routine work, AI allows startups to preserve lean organizational structures while maintain-
ing operational reliability. This reallocation effect is especially valuable in early stages,
where hiring additional staff is often constrained by capital availability and uncertainty
about future needs.

6.1.2 Decision Support and Strategic Responsiveness

AI systems also contribute to improved decision quality by enabling startups to process
and interpret data at a scale that would be infeasible through manual analysis alone.
Early-stage ventures frequently rely on limited samples, intuition, or delayed feedback
when making strategic choices. AI-driven analytics reduce these limitations by providing
predictive insights, pattern recognition, and scenario evaluation capabilities.

Research in entrepreneurship and information systems demonstrates that data-driven
decision support enhances strategic responsiveness in dynamic environments [12]. Ma-
chine learning models assist in forecasting customer behavior, optimizing pricing strate-
gies, and prioritizing resource allocation, thereby reducing uncertainty and supporting
faster strategic pivots. Importantly, AI augments rather than replaces managerial judg-
ment, serving as a cognitive extension that improves evidence-based reasoning under time
pressure.

6.1.3 Acceleration of Innovation and Product Development

Innovation speed represents a critical success factor for early-stage startups, and AI adop-
tion has been shown to compress innovation cycles by supporting rapid experimentation
and feedback analysis. When combined with agile or lean development approaches, AI
reduces the cost and duration of iterative testing by automating analysis of user behavior,
market signals, and performance metrics.

Studies indicate that AI enhances both exploratory and exploitative innovation by
facilitating knowledge creation and reuse across product development cycles [22]. Gener-
ative AI tools further contribute to ideation and problem-solving by expanding the range
of feasible design and solution alternatives within constrained timeframes. As a result,
startups can evaluate more hypotheses and converge toward product–market fit more
efficiently than under purely human-driven processes.

6.1.4 Customer Engagement and Scalable Growth Support

AI-driven personalization and customer analytics offer early-stage startups a means to
improve engagement without proportional increases in marketing expenditure. Machine
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learning algorithms enable finer-grained customer segmentation, targeted messaging, and
real-time adaptation of offerings based on user behavior.

Empirical research shows that AI-supported personalization improves customer re-
tention and acquisition efficiency, particularly in digital platforms where behavioral data
is continuously generated [78]. These capabilities support scalable growth by allowing
startups to manage expanding user bases with limited teams. Moreover, predictive ana-
lytics assist founders in anticipating growth-related constraints, enabling more informed
planning of hiring, infrastructure investment, and market expansion.

Taken together, these advantages suggest that AI adoption enhances early-stage startup
performance by increasing efficiency, improving decision quality, and accelerating inno-
vation. However, the realized benefits depend on the strategic integration of AI with
existing human capabilities rather than on automation alone.

6.2 Disadvantages and Risks of AI Adoption in Early-

Stage Startups

Although Artificial Intelligence offers substantial efficiency and innovation potential, its
adoption in early-stage startups introduces a range of risks and structural limitations
that must be carefully managed. Empirical and conceptual research highlights that these
challenges are not merely technical but extend across financial, organizational, ethical,
and strategic dimensions. For resource-constrained ventures, overlooking such risks may
result in misplaced investment, operational fragility, or erosion of trust.

6.2.1 Economic and Resource Constraints

A central limitation of AI adoption in early-stage startups concerns the economic burden
associated with implementation and long-term operation. While entry-level AI tools
are increasingly accessible, meaningful integration often requires ongoing expenditure
related to cloud infrastructure, model maintenance, data pipelines, and human oversight.
Studies on small-firm digital transformation show that these indirect and recurring costs
are frequently underestimated, leading to budget overruns and delayed investment in core
product development [25, 15].

For startups operating under tight financial constraints, committing resources to AI
initiatives may crowd out spending on customer acquisition, compliance, or engineering
capacity. As a result, AI adoption can paradoxically slow progress when pursued without
a clear alignment to near-term strategic objectives.

6.2.2 Data Limitations, Bias, and Reliability

AI system performance is fundamentally dependent on data quality, availability, and
representativeness. Early-stage startups often lack sufficiently large or diverse datasets,
particularly during market entry phases. Research in applied machine learning demon-
strates that insufficient or biased data can lead to unreliable predictions and overconfident
outputs, increasing the risk of erroneous decision-making [52].

Algorithmic bias presents an additional risk, especially in domains such as finance,
hiring, or customer segmentation. Empirical studies show that AI systems trained on his-
torically skewed data tend to reproduce and amplify existing social and structural biases,
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exposing firms to ethical concerns and regulatory scrutiny [7]. For startups, reputational
damage arising from biased AI outputs may be disproportionately costly due to limited
brand resilience.

6.2.3 Technical Complexity and Capability Gaps

AI technologies introduce a level of technical complexity that exceeds the capabilities
of many early-stage teams. Developing, validating, and monitoring AI systems requires
specialized expertise in machine learning, data engineering, and model governance. The
persistent shortage of AI-skilled professionals exacerbates this challenge, particularly for
startups competing with larger firms for talent [61].

Without adequate internal competence, startups risk misconfiguring AI tools, mis-
interpreting outputs, or failing to implement robust validation procedures. Empirical
evidence suggests that such capability gaps frequently result in underutilization of AI
systems or premature abandonment of AI initiatives [50].

6.2.4 Organizational, Ethical, and Regulatory Exposure

Beyond technical considerations, AI adoption affects organizational dynamics and gover-
nance structures. Resistance among employees, lack of trust in algorithmic outputs, and
ambiguity around accountability have been identified as recurring barriers to effective AI
integration [41]. In early-stage startups, where roles are fluid and decision authority is
concentrated, such tensions can disrupt collaboration and slow adoption.

Ethical and regulatory risks further complicate AI deployment. Compliance with
data protection frameworks such as the GDPR requires explicit governance mechanisms,
transparency, and consent management. Research on ethical AI emphasizes that failures
in explainability and accountability expose organizations to legal and reputational risk,
particularly when automated systems influence sensitive decisions [29]. Navigating these
obligations imposes additional burdens on startups with limited legal and compliance
resources.

6.2.5 Diminishing Returns and Strategic Overreach

Finally, empirical evidence suggests that AI adoption exhibits diminishing returns be-
yond a certain threshold. While initial integration may yield substantial efficiency gains,
further automation often increases coordination overhead, verification effort, and system
complexity. Studies on AI productivity indicate that performance improvements plateau
when AI replaces tasks that require context, judgment, or cross-functional coordination
[1].

This pattern reinforces the risk of strategic overreach, where startups pursue AI as a
universal solution rather than as a targeted complement to human capability. Research
on technology hype cycles shows that inflated expectations frequently lead to misaligned
investments and failed projects, particularly among smaller firms [33]. Sustainable value
creation therefore depends on measured, problem-driven AI adoption rather than broad
or premature automation strategies.
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6.3 Global Energy Challenges of Artificial Intelligence

The rapid diffusion of Artificial Intelligence (AI), particularly large-scale machine learning
and generative models, has introduced a new class of energy and sustainability challenges
at the global level. While AI-enabled systems contribute to productivity gains and au-
tomation across sectors, empirical evidence increasingly shows that the energy demands
associated with AI infrastructure, data processing, and large-scale deployment pose ma-
terial risks to climate and sustainability objectives.

6.3.1 Computational Intensity and Infrastructure Energy De-
mand

The energy footprint of AI is primarily driven by the computational intensity of model
training and inference. Large-scale models require extensive parallel computation on
specialized hardware such as GPUs and TPUs, resulting in high electricity consumption.
Studies conducted by academic and institutional bodies indicate that the training of large
language models can consume energy comparable to the annual electricity usage of dozens
of households, while inference workloads often dominate long-term energy consumption
due to continuous, high-volume usage [72, 57].

As AI systems scale in size and adoption, their computational requirements increase
non-linearly. This scaling effect places sustained pressure on digital infrastructure, par-
ticularly hyperscale data centers that support cloud-based AI services. Empirical assess-
ments suggest that global data center electricity consumption has reached levels compa-
rable to that of medium-sized industrialized countries, with AI workloads emerging as a
major contributing factor [40].

6.3.2 Data Centers, Electricity Consumption, and Grid Stress

Data centers constitute the operational backbone of AI systems and represent a growing
share of global electricity demand. Projections by international energy agencies indicate
that AI-driven workloads could account for a substantial fraction of total data center
energy consumption within the next decade, amplifying stress on national electricity
grids [40].

This demand is unevenly distributed across regions and is influenced by factors such
as climate, grid capacity, and energy mix. Data centers located in warmer regions require
additional energy for cooling, while regions with fossil-fuel-dominated grids experience
higher associated carbon emissions. In some jurisdictions, increased data center demand
has contributed to the continued operation of inefficient fossil-based power plants, coun-
teracting decarbonization efforts and increasing local environmental burdens [49].

6.3.3 Carbon Emissions and Environmental Externalities

The electricity consumption of AI systems has direct implications for greenhouse gas
emissions, particularly where renewable energy penetration remains limited. Lifecycle
assessments indicate that AI-related emissions extend beyond operational electricity use
to include embodied emissions from hardware manufacturing, semiconductor production,
and supply chain logistics [47].
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Recent estimates suggest that AI-driven data center emissions could reach tens of
millions of metric tons of CO2 annually, a scale comparable to that of major urban
centers. These emissions challenge the assumption that digitalization is inherently low-
carbon and underscore the need to account for indirect and upstream environmental
effects when evaluating AI sustainability [72].

6.3.4 Cooling, Water Consumption, and Secondary Resource
Use

Beyond electricity, AI infrastructure imposes significant secondary resource demands,
particularly in relation to cooling and water use. High-performance computing hard-
ware generates substantial heat, necessitating advanced cooling systems that consume
both energy and water. Empirical studies indicate that large data centers may con-
sume hundreds of millions of liters of water annually, raising concerns in regions already
experiencing water scarcity [46].

These secondary resource requirements amplify the environmental footprint of AI
systems, especially when cooling relies on water-intensive methods or electricity derived
from carbon-intensive sources. The interaction between energy demand, water use, and
local ecosystems highlights the need for integrated sustainability assessments rather than
isolated efficiency metrics.

6.3.5 Efficiency Limits, Transparency, and Governance Chal-
lenges

Although advances in hardware efficiency and model optimization have reduced energy
consumption per computation unit, aggregate demand continues to rise due to increased
AI adoption and usage intensity. This phenomenon reflects a rebound effect, where
efficiency gains are offset by growth in total computational demand [49].

A further challenge lies in the limited transparency surrounding AI energy use. Many
organizations do not disclose detailed energy metrics for AI workloads, complicating
efforts to develop accurate carbon accounting frameworks and policy interventions. Re-
search on sustainable AI emphasizes that improved reporting standards and governance
mechanisms are essential to align AI innovation with climate objectives [68].

From a policy and management perspective, addressing AI’s global energy challenge
requires coordinated action across technology design, infrastructure planning, and regu-
latory frameworks. Initiatives such as energy-aware model design, workload scheduling
aligned with renewable availability, and mandatory sustainability reporting are increas-
ingly recognized as necessary components of responsible AI deployment.
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Chapter 7

Conclusion

This research examined the role of Artificial Intelligence as an enabling technology in
early-stage technology startups, with particular attention to its effects on efficiency,
cost structure, decision-making, and organizational design. By integrating academic
literature, comparative case studies, and computational analysis, the thesis provides a
grounded assessment of how AI reshapes startup operations beyond theoretical expecta-
tions.

The results indicate that AI adoption produces consistent efficiency gains across
core development phases, including design, coding, testing, and coordination. In both
case studies, AI-assisted workflows reduced time-to-MVP and operational overhead while
maintaining quality standards appropriate to each domain. These improvements trans-
lated into meaningful cost reductions for early-stage teams, highlighting AI’s economic
relevance in capital-constrained environments. Importantly, these gains emerged from
cumulative process optimization rather than radical task substitution.

However, the findings also demonstrate the presence of a clear efficiency threshold.
Computational validation revealed diminishing returns once AI-supported activities ex-
ceeded a critical share of total workload. Beyond this point, increased human oversight,
coordination effort, and quality control offset additional automation benefits. This con-
firms that AI does not function effectively as a full replacement for human resources
in early-stage startups, but rather as a productivity amplifier when embedded within
capable, well-structured teams.

The study further emphasizes that successful AI adoption depends on strategic in-
tegration, managerial competence, and governance rather than tool availability alone.
Technical limitations, data quality constraints, ethical risks, and energy consumption
challenges impose real boundaries on AI-driven efficiency. As such, AI adoption must be
approached as a socio-technical decision rather than a purely technological one.

Overall, this thesis contributes empirical and analytical evidence supporting a bal-
anced view of AI in startups: AI delivers substantial value when aligned with human
expertise and organizational goals, but its benefits remain bounded by structural, cogni-
tive, and sustainability constraints.

.
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[35] Gimpel, H. and Röglinger, M. (2018). Digital transformation: Changes and
chances—insights based on an empirical study. Journal of Business Economics, 88:547–
579.

[36] Grant, R. M. (1996). Toward a knowledge-based theory of the firm. Strategic manage-
ment journal, 17:109–122.

[37] Gruber, F. (2015). Artificial intelligence and the startup ecosystem. Journal of Tech-
nology Ventures, 12(3):45–59.

[38] Huang, M.-H. and Rust, R. (2020). Artificial intelligence in marketing. Journal of the
Academy of Marketing Science.

[39] Hussain, A. and Rizwan, R. (2024). Strategic ai adoption in smes: Prescriptive frame-
work. arXiv preprint arXiv:2408.11825.

[40] International Energy Agency (2023). Data centres and data transmission networks.

[41] Janssen, M. et al. (2020). Artificial intelligence and public sector transformation.
Government Information Quarterly.

[42] Kaplan, R. S. and Norton, D. P. (1996). Time-driven activity-based costing. Harvard
Business Review, 74(5):131–138.

[43] Krizhevsky, A., Sutskever, I., and Hinton, G. E. (2017). Imagenet classification with
deep convolutional neural networks. In Advances in Neural Information Processing Sys-
tems, volume 25.

[44] Lawton, J. (2018). Artificial intelligence and entrepreneurship. IZA Discussion Paper
No. 17055.

[45] Lee, K. (2023). Generative ai as a co-pilot for startup growth. Forbes.

[46] Li, P. et al. (2023). The water footprint of ai data centers. Nature Sustainability.

[47] Luccioni, A. et al. (2022). Estimating the carbon footprint of machine learning. arXiv
preprint arXiv:2204.05149.

[48] Marnewick, C. and Marnewick, A. (2020). Artificial intelligence in project management:
Insights from practice. International Journal of Project Management, 38(1):1–12.

[49] Masanet, E. et al. (2020). Recalibrating global data center energy-use estimates. Sci-
ence, 367(6481):984–986.

[50] Mikalef, P. and Gupta, M. (2021). Technology infrastructure, culture, and ai adoption.
Information Systems Frontiers.

[51] Mikalef, P., Krogstie, J., Pappas, I. O., and Pavlou, P. A. (2019). Artificial intelligence
and analytics for dynamic decision-making: A review and future research directions.
Information Systems Frontiers, 21(5):1163–1177.

46



[52] Mittelstadt, B. (2019). Principles alone cannot guarantee ethical ai. Nature Machine
Intelligence, 1:501–507.

[53] Mollick, E. (2014). The dynamics of crowdfunding: An exploratory study. Journal of
Business Venturing, 29(1):1–16.

[54] Newbert, S. L. (2005). New firm formation: A dynamic capability perspective. Journal
of Business Venturing, 20(1):1–22.

[55] Nguyen, T. and Zhang, Y. (2023). Ai and resource optimization in fintech startups.
Resources Policy.

[56] Park, H.-J. and Kim, M.-S. (2023). Barriers to ai adoption in small and medium enter-
prises: An empirical analysis. Technological Forecasting and Social Change, 190:122334.

[57] Pattaranantakul, M. et al. (2023). Energy consumption of large language model infer-
ence. IEEE Access.

[58] Picken, J. C. (2017). From startup to scalable enterprise: The entrepreneur’s challenge.
Business Horizons, 60(4):487–498.

[59] Quiroz-Vázquez, C. and Goodwin, M. (2024). What is artificial intelligence (ai) in
business? IBM Think.

[60] Raisch, S. and Krakowski, S. (2021). Artificial intelligence and management. Academy
of Management Review.

[61] Rajan, A. et al. (2020). The global ai talent gap. MIT Sloan Management Review.

[62] Ries, E. (2011). The Lean Startup. Crown Publishing Group.

[63] Rogers, E. M. (2003). Diffusion of innovations. Simon and Schuster.

[64] Russell, S. J. and Norvig, P. (2016). Artificial Intelligence: A Modern Approach.
Pearson, London, 3rd edition.

[65] Russell, S. J. and Norvig, P. (2020). Artificial Intelligence: A Modern Approach.
Pearson.

[66] Salvat, J. (2023). Generative ai and the democratization of data science: How low-code
tools empower startups. Medium.

[67] Schell, J. (2019). The Art of Game Design: A Book of Lenses. A K Peters/CRC Press.

[68] Schwartz, R. et al. (2020). Green ai. Communications of the ACM, 63(12):54–63.

[69] Shrestha, Y. R., Ben-Menahem, S. M., and Von Krogh, G. (2019). Organizational
decision-making structures in the age of artificial intelligence. California Management
Review, 61(4):66–83.

[70] Smith, J. (2020). Artificial intelligence and entrepreneurship. IZA Discussion Paper
No. 17055.

[71] Staff, I. (2023). How ai is used in business. Investopedia.

47



[72] Strubell, E., Ganesh, A., and McCallum, A. (2019). Energy and policy considerations
for deep learning in nlp. Proceedings of ACL.

[73] Tan, A. (2021). How startups can benefit from artificial intelligence. MIT Sloan
Management Review.

[74] Taneja, H. (2018). Why ai is a game changer for startups. Harvard Business Review.

[75] Tester, M. and colleagues (2018). Estimating labor costs in european software devel-
opment centers. International Journal of Information Management, 38:123–130.

[76] Tornatzky, L. and Fleischer, M. (1990). The processes of technological innovation.
Lexington Books.

[77] Vaithilingam, P. et al. (2022). Expectation vs experience: Evaluating ai-assisted pro-
gramming. CHI Conference on Human Factors in Computing Systems.

[78] Verhoef, P. C. et al. (2021). Digital transformation: A multidisciplinary reflection and
research agenda. Journal of Business Research, 122:889–901.

[79] Wang, G. and Wu, L. (2025). Ai and lean product development: Evidence from chinese
startups. arXiv preprint arXiv:2506.16334.

48


	Abstract
	Introduction
	Background and Context
	Definition of Artificial Intelligence and Its Business Relevance
	Focus on Early-Stage Startups
	Why Startups Are Particularly Positioned to Benefit from AI
	Research Questions and Objectives
	Structure of the Thesis

	Literature Review
	Introduction
	AI, Uncertainty, and Cost Efficiency in Startup Environments
	Theoretical Perspectives on AI Adoption and Cost Efficiency
	Synthesis and Research Gap
	Integrated Theoretical Framework

	Background
	Introduction
	Research Context and Empirical Setting
	Problem Statement
	Key Concepts and Definitions
	Artificial Intelligence (AI)
	Tech Startups
	Early Stages of Startups
	Cost Reduction
	Engineering Management Perspective


	Methodology
	Research Design
	Research Objectives and Analytical Focus
	Preliminary Exploratory Phase
	Case Study Selection
	DevSoftware Arch
	AiVerse

	Data Collection
	Comparative Analytical Framework
	Data Processing and Analysis Techniques
	Validity and Limitations
	Ethical Considerations

	Findings
	AI Adoption in Startups: A Product and Engineering Management Perspective
	Product Contexts and Organizational Constraints
	DevSoftware Arch: Financial Software Development Under Accuracy and Security Constraints
	AiVerse: Game Technology, Decentralization, and AI-First Operations

	AI as a Managerial Response to Startup Constraints
	AI Tools Adopted in the Case Studies
	AI Tools for Design
	AI-Assisted Software Development and Coding
	AI in Project and Product Management
	AI-Based Decision Support and Analytics
	AI Tools for Marketing and User Engagement
	Cross-Case Observations on Tool Adoption

	Basic ‌crew ‌setups, ‌plus timelines for building them out in startups at the kickoff stage. (Pre-AI)
	Typical Team Composition in Early-Stage Startups
	Design Phase Duration and Constraints
	Development and Coding Timelines
	Testing, Validation, and MVP Readiness
	Summary of Pre-AI MVP Baseline

	AI-Assisted MVP Development: Case Study Comparison
	Comparative MVP Development Timelines

	Cash ‌flows ‌shift of AI-Driven Efficiency Gains in Startup Teams
	Labor Cost Baseline for Early-Stage Startup Teams in the EU
	Team Size Scenarios and Baseline Costs
	Translating Efficiency Gains into Cost Savings
	Discussion of Assumptions and Real-World Considerations
	Implications for Startup Survival and Investment


	Results and Discussion
	The Existence of an Efficiency Threshold
	Human Capital as the Binding Constraint
	Computational Validation Using Python-Based Analysis
	Interpretation of Computational Results

	Advantages of AI Adoption in Early-Stage Startups
	Operational Efficiency and Reallocation of Human Effort
	Decision Support and Strategic Responsiveness
	Acceleration of Innovation and Product Development
	Customer Engagement and Scalable Growth Support

	Disadvantages and Risks of AI Adoption in Early-Stage Startups
	Economic and Resource Constraints
	Data Limitations, Bias, and Reliability
	Technical Complexity and Capability Gaps
	Organizational, Ethical, and Regulatory Exposure
	Diminishing Returns and Strategic Overreach

	Global Energy Challenges of Artificial Intelligence
	Computational Intensity and Infrastructure Energy Demand
	Data Centers, Electricity Consumption, and Grid Stress
	Carbon Emissions and Environmental Externalities
	Cooling, Water Consumption, and Secondary Resource Use
	Efficiency Limits, Transparency, and Governance Challenges


	Conclusion

