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Summary

This thesis, titled "Dynamic Price Discrimination for SaaS: Maximizing Sales with Machine
Learning,” explores the fundamental role of adaptive pricing strategies in the Software as a
Service (SaaS) industry, with a particular focus on Micro SaaS companies. In an increasingly
dynamic market, where scalability and adaptability are essential, traditional static pricing mod-
els often fail to meet the evolving customer needs and competitive pressures. The study inves-
tigates how the integration of price discrimination theories with advanced Machine Learning
(ML) algorithms can help SaaS companies optimize sales, enhance revenue stability, and im-
prove customer satisfaction through personalized, real-time pricing solutions.

The research begins by contextualizing the shift from the traditional pursuit of ”Unicorn”
startups—valued at over a billion dollars—to the emerging trend of Micro SaaS ventures. These
smaller entities prioritize efficiency, low overhead costs, and targeting niche markets to achieve
profitability within narrower margins. Unlike larger SaaS providers, Micro SaaS companies face
unique challenges that require agile and responsive pricing strategies to remain resilient against
market fluctuations. The thesis posits that ML-driven dynamic price discrimination can more
accurately capture demand elasticity across diverse customer segments, thereby improving both
profitability and stability for these businesses.

An in-depth examination of the theoretical foundations of dynamic pricing in the SaaS con-
text is presented. This includes an exploration of price discrimination theories—first-degree (in-
dividualized pricing), second-degree (usage or volume-based pricing), and third-degree (demographic-
based pricing)—and their applicability to SaaS models. The study emphasizes the importance
of understanding customer segments and demand flexibility, highlighting how ML algorithms
can dynamically apply these price discrimination strategies. By customizing prices based on in-
dividual willingness to pay and adapting to ongoing market demand changes, SaaS companies
can more effectively manage revenue streams and customer retention.

The thesis’s methodological core delves into the integration of ML approaches for data anal-
ysis and model development. Key algorithms, such as K-Means and DBSCAN clustering tech-
niques, are employed to identify user groups with similar usage patterns and price sensitivities.
Time series forecasting models like ARIMA and Holt-Winters are used for demand prediction,
allowing for more accurate and responsive price adjustments. The importance of data prepro-
cessing—including cleaning, normalization, and handling missing values—is emphasized to
ensure the accuracy and reliability of ML models. Additionally, advanced techniques such as
sentiment analysis and Natural Language Processing (NLP) are incorporated to analyze user
feedback and refine the model’s predictive capabilities.

An empirical simulation using a synthetic dataset is conducted to demonstrate the practical
application of the dynamic pricing model in a Micro SaaS environment. The simulation involves
customer segmentation based on their willingness to pay and the prediction of optimal price

levels that maximize revenue without compromising customer satisfaction. By implementing



tiered pricing strategies, the model adapts to changes in user behavior, enabling the company
to effectively respond to churn rates, user acquisition, and engagement metrics. Scenarios in-
volving add-ons and upselling strategies are also tested to further refine pricing strategies and
explore additional revenue opportunities.

The thesis concludes with a discussion of the results, highlighting both the strategic benefits
and limitations of adopting dynamic pricing models for Micro SaaS companies. The findings
suggest that ML-driven price discrimination can achieve price equilibrium and enhance prof-
itability by offering personalized experiences to customers. However, challenges such as data
dependency and market volatility are acknowledged, indicating areas where further research
and development are needed. The study suggests that future advancements could include the
integration of adaptive learning models capable of reducing inefficiencies and responding more
swiftly to market dynamics.

Overall, readers of this thesis will gain comprehensive insights into the intersection of eco-
nomic pricing theories and practical ML methodologies within the SaaS industry. The work
provides a valuable framework for SaaS companies—particularly for Micro SaaS ventures—to
leverage data-driven dynamic pricing strategies as a means of achieving sustainable growth and
maintaining a competitive advantage in a rapidly evolving market landscape. By understanding
and applying the principles outlined in this study, companies can better navigate the complexi-

ties of demand elasticity, customer segmentation, and revenue optimization in the digital age.



1 Introduction

In the thriving market of Software as a Service (SaaS), the ability to optimize pricing has become
a critical success factor. This becomes even more evident when focusing more closely on the
ecosystem of micro businesses that populate the starfup system; an environment now subject to
a structural change both in paradigms and in corporate culture. Although the success stories of
Unicornsﬂ capture the shared ambitions of dreamy startupperﬂ the reality of digital markets
shows a stronger tendency toward the creation of a digital body composed of thousands of small
enterprises, rather than the allocation of primacy to these "giants” [1].

The size and structure of these micro-enterprises make it less crucial to reach large numbers
in terms of user base and profit. However, although the effort shifts away from the time-driven
race to reach the milestone of 100 million users [2]], profit and user base variables remain critical
for the long-term survival of the business. Achieving an adequate value threshold for stakehold-
ers is created with a lower net profit compared to other big tech companies. Nevertheless, the
small margin that separates success from failure makes business risk extremely sensitive to
market volatility and, as a result, less flexible to deviations from initial forecasts.

Traditional pricing strategies, based on static and predetermined models, are no longer suf-
ficient. The fundamental question during the strategic planning of these companies becomes:
what price should be applied to their service? The answer is far from trivial, considering the sen-
sitivity previously described. In the profit equation, costs appear mostly as exogenous variables,
leaving price as the true discriminating factor along with the number of customers reached.
Therefore, it becomes essential to adopt a more dynamic and adaptive pricing model, capable
of responding quickly to complexity by effectively identifying the various equilibrium points
with the demand curves of different potential customer groups.

This thesis aims to provide an answer to this fundamental question. The study of organi-
zational theories related to different degrees of price discrimination represents the flexibility
sought by the system, solving its complexity with a proposal of models and Machine Learn-
ing algorithms. Throughout this Introduction, the relevance of the context and the structure on

which this research is built will be explained in greater detail.

1.1 Research Context and Importance

At the beginning of this introductory section, Unicorns were celebrated as symbols of success in
the digital economy, serving as benchmarks for the aspirations of many entrepreneurs. However,
the new market reality is a clear indicator of the structural shift mentioned earlier: the era of

Unicorns is in decline due to the significant reduction in the presence of Crossover Investors

"Venture capitalist Aileen Lee defines “Unicorn” as any startup valued at over one billion dollars
%A neologism to describe those passionate about creating and developing startups
3Institutional investors in the equities market who are also active in private sectors.



an event that stimulates a shift towards new corporate cultural needs, more focused on frugality
and efficiency. Risk is managed by emphasizing optimization to compensate for the lack of large
initial capital, while communication strategies tied to selling a dream (and securing subsequent
funding) take a backseat [3].

The future will once again be different from what we know, and once more, markets will
adapt faster than our liguid socie Understanding the relevance of these issues and the tools

available is the only strategic weapon to combat uncertainty.

1.1.1 Introduction to the SaaS Industry and Its Economic Relevance

So far, the term SaaS has only been defined based on its broadest meaning: Software as a
Service. However, a more comprehensive introduction is necessary, starting by positioning
this business model within the broader industry of Cloud ComputingE], which also includes
other service frameworks such as Platform as a Service (PaaS) and Infrastructure as a Service
(TaaS). Compared to these two business frameworks, through which companies can release their
products to users, SaaS stands out for its greater ease of use by users and a lower level of
technical expertise required to utilize its services [4].

The relevance and extent of Cloud Computing, in general, is undeniable. Just consider the
numbers from a study conducted by Eurostalﬂ where between 2021 and 2023, the use of Cloud
services by European companies saw an increase of 4.2

The impact of this growth is also evident in market trend forecasts and the evaluations of
service provider companies. Narrowing the focus of Cloud Computing to the SaaS sector, the
rise of remote work and the need for services accessible from anywhere—in addition to the
greater flexibility of development, maintenance, and scalability of this type of software—Ileads
to growth in both demand and supply, representing an exponential increase well illustrated in
projection graphs [1]]. Supporting these studies are figures that help to understand the market
size in quantitative terms. In 2023, the SaaS market was valued at USD 273.55 billion, with
growth projections ranging from USD 317.55 billion in 2024 to USD 1.228.87 billion in 2032.
These projections represent a CAG of 18.4

However, this thesis focuses on a dimension not represented by the giants of Cloud Com-
puting such as Google, Amazon, Microsoft, or other SaaS providers like Salesforce, Shopify,
or Zoom. What constitutes the hidden levels of this iceberg are the so-called Micro SaasS, that
is, small-scale SaaS businesses focused on niche markets, addressing the very specific needs
of users [5]. These Micro SaaS companies are usually run by small teams or even by solo-

preneursﬂ whose profits, though minimal due to the narrow niches, are sufficient to meet earn-

*According to Z. Bauman, the modern society where change is the only certainty.

5The provision of computing services, such as software, databases, servers, and networks, via an Internet
connection.

®Statistical office of the European Union

"Compound Annual Growth Rate.

8Entrepreneurs who, on their own, develop and manage their business without the help of other employees.



ings goals with minimal business risk, low barriers to entry, and unprecedented autonomy in
development.

In fact, never before in human history has anyone with access to the Internet and a device
been able to acquire the information, skills, and platforms to build their own ventures. Program-
ming frameworks reduce the complexity of development, Cloud Computing IaaS environments
allow easy hosting for software market launches, and the real gamble is no longer on technical
knowledge or infrastructure management capabilities, but rather on the entrepreneurial, commu-
nicative, and financial abilities of those with enough intuition to identify a shared problem and
offer the right solution before (or better than) others. Consequently, the thriving environment
described above offers anyone with the desire the potential to earn online from their creative
insights.

Another incentive to pursue such a path is the instability of the job market for Software En-
gineers, which, following the significant post-COVID 19 layoffs of FAANGﬂ companies—and,
by extension, a global scenario lacking new hires—has led many Software Engineers to invent

their own work, capitalizing on the skills they have acquired for their own gain.

1.1.2 Importance of Price Discrimination for the Growth of Micro SaaS Businesses

The importance and relevance of the Micro SaaS market go hand in hand with the need for profit,
which this thesis seeks to address with its solutions. Given the niche size and the resulting low
probability of attracting large numbers of users, volatility and income instability can harm the
profits and sustainability of the projects that support the members of these small teams.

In corporate finance, business profit is calculated as revenue minus costs. In a Micro SaaS,
costs are inherently low and stable, approximating fixed costs if we exclude the potential for
scalingm and, therefore, the need to increase the Cloud Computing space required to host one’s
infrastructure. In fact, the staff and salaries are limited to the small team members, operational
costs for maintenance and customer support are also low (the real investment is made in the pre-
launch phase in software development and marketing communication), while each product sold,
regardless of quantity, does not increase costs as in manufacturing production chains. Once cre-
ated, the product does not require further development costs for each unit sold, making marginal
costs nearly zero. Similarly, small companies do not require the management of physical assets
(subject to depreciation over time) or significant (often entirely absent) liabilities such as debt
for financing. The investment, more than monetary, is in terms of time from the development
team and its opportunity cost. Consequently, costs are limited to purchasing hosting space in
the Cloud, paying salaries, and paying taxes in the relevant country. Given these approximate
fixed costs, the real variable lies in revenue, calculated as the quantity sold multiplied by the
sale price. Since the quantity is limited by the niche chosen by the Micro SaaS, the true revenue

differentiator is the price chosen for the products.

° Acronym for the tech giants Facebook, Amazon, Apple, Netflix, Google
10The ability to manage resources as user base grows at minimal cost.



In microeconomics, it is clear that the intersection of supply and demand generates an equi-
librium (ideally Pareto-efficient) that relates the price to the quantity demanded at that price.
However, as often happens in studies, the most general models composed for teaching pur-
poses fail to adequately represent market complexity, and where small variations have the most
impact, as just described, even the slightest approximation can significantly deviate from estab-
lished goals and increase risk. The consumer demand curve for a company is usually depicted
as the sum of individual demands from each consumer. However, despite the factors that influ-
ence demand, such as the price of the good, the number of consumers, or the prices of related
goods, it is also true that demand varies according to more demographic characteristics such as
consumer income, tastes, preferences, and expectations. Where it is possible to distinguish be-
tween categories of different preferences or characteristics, it is possible to break down demand
into more similar demand groups, creating two or more functions with different coordinates and
supply intersections.

By visually representing what was just said, two demand curves that intersect a supply curve
at one specific and unique price for both correspond to two different quantities but contribute to
the creation of a Deadweight Loss, the loss of total surplus (both consumer and producer), rep-
resenting a failure in market efficiency. Although the elasticity of the two demands affects this
process, dedicating different supply solutions by treating each curve as an independent market
can help reduce this loss and translate into consumer advantage on one hand, and higher profit
for the company applying these distinctions on the other. In the economic field of industrial
organization, the dynamism brought by price discrimination ensures that distinguishing groups
and adopting perfectly tailored solutions for them reduces loss for the benefit of total surplus.

Adopting these types of price discrimination in SaaS, and especially in Micro SaaS, allows
structural inefficiencies due to approximation to be addressed, reducing these intrinsic losses
and maximizing prices for more predictable profits less subject to the inevitable fluctuations of

the financial system.

1.1.3 Technological Advancements in Al and ML Models, NLP Supporting the Economy

Adding complexity to forecasting and computing systems is a strategy that brings with it a
dichotomy of greater control at the expense of speed, tending to slow down the reactivity and
implementation with which a company addresses changes, ultimately creating fertile ground
for damages and risks generated by calculation inaccuracies. Just as the development of new
technologies such as increasingly powerful hardware and faster Internet has allowed Cloud
Computing to grow in its importance and adoption [4], so too can the rest of technological
advancement help simplify the dynamic implementation of these price discrimination systems.

In particular, this refers to the progress and results achieved in the field of Artificial Intel-

ligence. Although enthusiasm for this field follows the evolution of Large Language ModelsE]

" AT models trained on large amounts of text to generate and understand our natural language.



(LLM) tools, the field of Artificial Intelligence is much broader and, in terms of topics, lev-
els, and longevity, extends far beyond the enthusiasm surrounding LLM, which has attracted
billions of dollars in investment [6]. Therefore, it becomes necessary to distinguish between
various fields of study, grouping under the broader Al umbrella the subsets of Machine Learn-
ing, Deep Learning, and Generative Al [[7] to best represent the methodology followed in this
research.

Al includes all techniques and technologies that enable computers to emulate human behav-
ior by allowing them to learn, make decisions, and recognize patterns to solve complex prob-
lems similar to human intelligence. Machine Learning is a subset of the broader Al ecosystem,
using advanced algorithms to find patterns in large amounts of data, using supervised or unsu-
pervised training algorithms to create models that can learn and adapt. Deep Learning, in turn,
is a subset of Machine Learning that uses neural networks to identify high-level features from
raw data, simulating the processes humans use to perceive and understand the world. Finally,
Generative Al, discussed in the context of LLM, is that subset of Deep Learning whose models
are tasked with creating content such as text, images, and code based on a provided input.

There is currently strong interest in Al, with many investments made for its development
and a race among tech giants to develop proprietary technologies or make billion-dollar invest-
ments [8]. There is high demand for Al solutions both from companies and consumers. Yet,
while on the surface it may seem that interest in Al is primarily focused on Generative Al, the
attention drawn to the field has enabled more and more companies to evaluate the implementa-
tion of Machine Learning systems or other Al subsets to develop models that support business
processes and decision-making. Data Scientist roles are increasingly in demand to train ML
models to optimize and make business processes more efficient based on the large amount of
data that companies collect daily and/or have accumulated over the years. Machine Learn-
ing, combined with other subsets like Reinforcement Learning, Computer Vision, or Natural
Language Processing (NLP), is increasingly sought after for building RPA (Robotic Process
Automation) systems that can streamline business tasks and reduce both the time and human
resources required for otherwise automatable tasks.

In this ecosystem, the choice proposed in this thesis to use data collected from users’ brows-
ing of these SaaS platforms to train Machine Learning models capable of predicting new users’
behavior appears to be the most suitable approach for balancing the complexity of financial

calculation with dynamic and precise solutions aimed at maximizing profits.
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1.2 Thesis Objectives and Structure

The objectives of this thesis become clearer once the system has been described and the problem
identified. In the following sections, the research question will be formulated, along with an

overview of the structure that will guide the response to this question.

1.2.1 Formulation of the Research Question

By combining the three elements of the SaaS industry, Price Discrimination, and Machine
Learning, the issue related to the volatility and scale of Micro SaaS companies, in particu-
lar, can be reformulated as a problem of maximizing sales. Indeed, if profit is the central focus
for the survival of these businesses, then sales become the pivot around which optimization
must be sought. The optimal price can be determined through price discrimination techniques,
leveraging data collected from these software solutions to train Machine Learning models. This
approach allows for dynamic, tailored solutions specifically suited to consumer groups.

The research question, therefore, is to analyze the impact and validity of this approach to
determine if it can effectively address the problem identified within the context outlined in this

chapter.

1.2.2 Overview of the Chapters and Contents of the Thesis

After introducing the main actors and context of the research in this introductory chapter, the
thesis will proceed with a theoretical and formal exploration of the techniques and formulas
required to develop the model on which subsequent feasibility studies related to the research
question will be based, ultimately yielding empirical solutions.

In the second chapter, the technical characteristics of the SaaS market will be examined,
alongside price discrimination theory and how the latter can be applied to the former due to its
specific attributes.

The third chapter will focus on Machine Learning in the context of pricing, along with
the algorithms and techniques necessary to build an accurate and suitable model capable of
predicting future market and consumer behavior.

Chapter four will cover the actual construction of the model, detailing the techniques, con-
siderations, and values that serve as the foundation for the discussion of results and conclusions

presented in chapter five.
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2 Dynamic Pricing Discrimination in SaaS, Theo-
retical Foundations

The objective of this second section is to formalize the analysis of the economic problem posed
in the research question. While the introduction served to frame a specific market need and its
relevance in the modern economic landscape, it is equally true that simplifying concepts into
models more suitable for academic study contrasts sharply with the complexity of markets and
the resulting inefficiencies in the real world.

Avoiding the repetition of what has already been described in the previous chapter, the fol-
lowing paragraphs will leverage that initial knowledge to lay the foundation for a more rigorous
exploration, both in mathematical terms and economic theory. Specifically, microeconomic
theories, industrial organization, and business management will be used to define the peculiar
nature of the SaaS business model, exploiting these concepts to study cost structures, equilib-
rium conditions, and, finally, the essential metrics for long-term growth and sustainability.

Subsequently, the deeper analysis of price discrimination theories will take center stage in
the discussion, prompting reflection on the effectiveness of different pricing models, with a
preference for adopting a more complex and customized system tailored to consumer needs.
The behavioral response in the study of supply and demand will contribute to the formulation
of various ethical and economic questions which, framed in the context of customer relations
and sales forecasts, will later be a key point for price selection in the SaaS domain.

Finally, the intersection of price discrimination theories with the specific nature of the SaaS
model will serve as the trait d’union for the concluding analysis of this chapter regarding the
adoption of pricing structures best suited to maximizing profits in these companies. The com-
plexity of the final responses will be essential to understanding the importance of Machine

Learning and its predictive algorithms, which will be examined in the following chapters.

2.1 Characteristics of the SaaS Business Model

Although the distinction between the two terms encapsulated in the recurring reference to the
SaaS business model might be considered implicit due to the reasoning already employed, it
is important to distinguish the two different elements contained within this topic. SaaS, as
Software as a Service, is nothing more than a company’s product—a software product defined
by a distribution model that allows the consumer to access it via the internet rather than requiring
a physical installation. This ensures the possibility of access through web or mobile browsers,
as well as the opportunity to benefit from real-time software updates and maintenance.

SaaS, as a product, is a necessary but not sufficient element in defining a SaaS company,
which acts as the provider of the services just described[9]]. A SaaS company is, in fact, a type of

business that focuses on creating, developing, distributing, and maintaining a proprietary SaaS
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product. This corporate structure revolves around the peculiarities of the SaaS product market,
influencing sales, marketing, and customer service roles within the company. The benefits for a
SaaS company, compared to traditional businesses, are numerous, such as access to the global
market and the ability to scale at reduced costs with an agile and flexible structure.

As aresult, SaaS companies can vary in size and may be part of a more diversified structure
within a larger organization. A SaaS product can also be developed by a company whose
core business lies in a different market (such as manufacturing), thus varying the corporate
organization and internal financial and accounting dynamics. However, since the main objective
of this thesis is to focus on the peculiarities that distinguish SaaS companies from other business
models, all hybrid formulations will be omitted in favor of the premises that characterize the
structures most susceptible to the conditions analyzed in this research.

The business model of SaaS companies is highly dynamic, flexible, and peculiar. It is part
of a recent and evolving economic context, as it is deeply tied to and limited by technological
innovations. Supporting this point is the recent phenomenon of the emergence of numerous
SaaS companies due to discoveries in the field of Al that have revolutionized the landscape of
LLMs. All these new technologies have addressed both old and new problems, contributing
to the growth of the Micro SaaS ecosystem through solopreneurs and small teams that have
launched their creative solutions, while larger companies have exploited these discoveries and
services within their products, driving growth through increased sales.

But how does all of this translate into the shared model of both small and large SaaS com-

panies?

2.1.1 Definition and Characteristics of the Business Model

Similar to the process of defining a set in mathematical terms, the SaaS business model dis-
tinguishes itself from other models by grouping all those structures characterized by specific
elements in terms of organization, costs, sales, customer management, and sensitivity to growth
values. It is not advisable to rely solely on natural language for a clear and complete definition;
rather, the most effective approach in these cases is to define the SaaS business model through
the characteristics of its main components.

Why does a SaaS company come into existence?[[10] The question is no different from ask-
ing about the nature of a generic enterprisem A SaaS, like any other business, is certainly born
from a desire for profit and wealth creation. Even when referring to Micro SaaS, composed
mainly of solopreneurs or small teams, the ultimate tool for maximizing the value (both eco-
nomic and social) sought by stakeholders within its ecosystem remains efficiency. Profit is the
goal, but efficiency is the tool that makes it possible to maximize that profit. Whatever the
personal reasons for embarking on a value creation journey through a SaaS model, the funda-

mental metrics to follow are those related to efficiency and the reduction of inefficiencies. In

12A famous question arising from the 1937 works of English economist Ronald Coase.
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this definition, there is no room for subjective goals, strategies, and plans: whether focusing on
a niche of a few users to maintain a small scale, or aiming for blitzscalin like a Unicorn, ef-
ficiency in pursuing these goals remains a critical sustainability factor. Not all SaaS companies
must aspire to be startups that impact the worlﬂ yet growth remains a fundamental metric for
survival because it is aimed at efficiency. Without growth, there is stagnation, but in economics,
if you are not moving forward, you are not standing still: you are falling backward until failure.

According to a McKinsey study[11], it is not enough for companies to achieve positive
growth to avoid the risk of failure. To avoid this risk, the growth rate needed for business
survival must exceed 20%, although only by surpassing 60% can success be predicted with
greater certainty. In fact, historical data in this field shows a strong correlation between growth
rates and market value. Only 28% of companies manage to exceed USD 100 million in value,
while only 3% reach the billion-dollar mark, and a mere 0.6% surpass USD 4 billion. Value is
highly susceptible to both shareholder ROIIf] and the growth rate, especially in the early stages
of a company’s life. Growth becomes such an important parameter that exceeding 20% makes
cost structure a negligible variable for survival, although greater efficiency in cost management
certainly helps to increase the growth rate itself.

In the SaaS company context, the mantra of fast shippingﬁ is often repeated, with smaller
projects aiming for software development and launch within a seven-day timeframe. Adopting
this modus operandi has many advantages: the time and resources spent limit the opportunity
cost of the project, and it quickly becomes clear whether an idea is successful in terms of funding
or customer interest. However, the short timeframe risks leading to a lack of commitment to the
project, which in turn can result in a failure to actively manage and grow the SaaS. Although
this thesis frequently refers to the Micro SaaS environment, which is more susceptible to the
research topics, it is important to clarify here that it will never refer to those projects left to run
on their own, where the solopreneur seeks only additional income without investing their time.
Indeed, achieving a high degree of efficiency is correlated with an active commitment to growth,
a commitment that goes far beyond software creation and is often driven more by dynamic
decisions in sales, marketing, and customer service. Therefore, excluding this subgroup of
models is not intended to assign a lower value in terms of utility, financial effectiveness, or
ethics compared to other Micro SaaS environments[12]]: the difference lies exclusively in the
assumptions, which, while conforming to the field, diverge on the premise of actively seeking

sustainable growth and long-term value creation.

13 According to Hoffman and Yeh, it is the method of rapid scaling adopted by tech startups that prioritizes speed
over efficiency.

14 According to Dan Norris, a writer on startups, a business is not a startup unless it has the capacity to impact
the global market and—therefore—change the world.

I5SReturn on Investment.

!Delivering software to market in the shortest time possible.
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2.1.2 Financial Metrics and Key Business Functions

Financial metrics follow the business model and define how various business functions are al-
located and financed. In the case of Micro SaaS, the solopreneur often has to wear multiple
hats, acting as Developer, Graphic Designer, Sales, Marketing, and Customer Service all at
once. However, even in more structured contexts, each of these functions operates within in-
creasingly blurred boundaries, making it difficult to clearly define areas of action and divide
responsibilities.

The internet provides the opportunity for faster, more flexible, and autonomous informa-
tion management, offering potential SaaS customers the means to conduct their own research
and make informed purchasing decisions. The customer navigates their own decision-making
journey, interacting with the sales department, exploring marketing content, reading customer
service reviews left by other consumers, assessing the product’s UI/U or comparing the
software and prices with competitors. The goals become common and overlapping, requiring
coordinated management as a result. This united front is both the result and the reason why
SaaS financial metrics impact all components of the company’s structure.

Before delving into the complexity of pricing structures in the following paragraphs, we
can accept— for the purposes of presenting metrics—one of the simplified versions of the SaaS
business model, which identifies SaaS products as online software whose users access the ser-
vices by paying a recurring monthly (or annual) fee for an agreed-upon period. The recurring
payment of a set amount greatly differentiates the SaaS business from the traditional business
model, where, taking the software industry as an example, one would purchase a physical CD of
software in exchange for long-term use but without the benefit of recurring updates. Conversely,
SaaS products are not purchased in physical form, establishing ownership, but rather offer an
always-updated experience accessible anywhere as long as the access fee is paid. Based on this
definition, the primary challenge for a SaaS company converges on a very specific direction: the
customer relationship. The ability to continuously acquire new users and keep them engaged for
as long as possible must align with the key goals of profit maximization and company growth.
Such efforts must necessarily be clear, measurable, and directly influenced by the company’s
planned actions.

Below are the main financial metrics[13]] managed through the company’s Financial Plan-
ning and Analysi (FP&A) operations. These are all metrics based on the crucial integration
of subscription-based sales, the value perceived by consumers, and the churn ratelf] as quanti-
tative data that allows for the representation of customer acquisition and retention fluctuations.
Additionally, they are observable and predictable metrics in real-time, which is why they will
later play a decisive role in choosing the Machine Learning algorithms to be adopted for profit

maximization calculations.

17User Interface and User Experience, which contribute to the product’s aesthetics and user experience.
8 Budgeting, Accounting, Financial Forecasting, and Financial Data Analysis
19The annual or monthly percentage representing the number of users who stop paying for the service.
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Growth and Economic Metrics

1. Recurring Revenues (RR): These are the recurring revenues of the SaaS, obtained by

multiplying the number of subscribers by the subscription cost.
RR = Number of Subscribers x Cost of Subscription (1)

This metric provides a first representation of the company’s profitability, although more
specific and useful parameters for planning are described below. Referring to recurring
payments (subscriptions), one-time payments are excluded from the calculation as they

are useful for accounting but unreliable for future forecasts.

2. Monthly Recurring Revenues (MRR): These are RR calculated on a monthly basis, taking
the subscriber data of a given month and multiplying them by the average revenue per
user. This calculation is an index that represents a specific point in time, capturing a
snapshot of the MRR of a specific number of users without considering variations caused
by customer acquisition or churn. It is also a data point that can be used to calculate

monthly growth in quantitative terms in the Revenue Growth formula.

3. Annual Recurring Revenues (ARR): These are RR adjusted for the long term. While MRR
can provide a dynamic and timely indication in the short term, on an annual basis, other
fluctuations and contractual dynamics need to be considered. In addition to recurring
revenues, it is necessary to calculate any upsellin or downgrades, as well as churn

rates and renewals at a discounted price compared to the original.

ARR = (RR Subscriptions + RR Add — ons + RR Upselling) — )

(Revenues lost from Downgrades + Cancellations + Renewal Discount)

Calculated annually, this can also be adapted for quarterly, half-yearly, or multi-year cal-

culations.

4. Expansion Monthly Recurring Revenue (EMRR): A specific calculation of MRR based on
the expansion rate, reporting only the additional MRR due to upselling or add-ons from
existing customers. It is a metric related to the company’s ability to generate revenue

from already acquired customers without additional acquisition costs.

5. Average Revenue per User (ARPU): This is the average revenue obtained by dividing total
revenues by the number of the company’s customers. The average can be representative
of more or less general data, for example, considering only a specific segment of the user

base rather than focusing on its entirety.

20Selling more expensive subscriptions to existing customers.
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6. Revenue Growth (RG): This is the growth rate obtained by considering the percentage
delta between revenues in period ¢ and #-/. For example, if in a given month the company

bills 20
_ Revenues; — Revenues; 4

GR = x 100% 3)

Revenues;_;
Specifically, recurring revenues represented by MRR or ARR can be used instead of a
more general notation to communicate information related to the historical data of sub-

scriptions.

7. Gross Margin (GM): This is used to measure a company’s profitability in percentage
terms, using revenue data net of the cost of goods sold (COGS), all divided by revenues.
In particular, COGS refers to direct production costs, which, in the SaaS sector, typically
include costs associated with hosting, software development, and customer support.
_ Revenues — COGS

GM = x 100% 4)
Revenues

This data measures if and to what extent the company can cover its expenses. The higher
the value of this indicator, the more profitable the company becomes. Since the numera-
tor is always smaller than the denominator, as it is reduced by the COGS, lowering costs
or making them less impactful relative to growing revenues increases the business’s prof-

itability.

8. Customer Lifetime Value (LTV): This measures the expected total value that a user will
generate over the course of their relationship with the company. It is the long-term value
brought by the customer, an indicator that helps identify the most profitable customer
segments. Indeed, Customer Concentratio for the customers with the most significant
impact on a company’s earnings belongs to the segment with the highest LTV, whose
variation in quantitative terms causes greater fluctuations than smaller segments. This
indicator is calculated by multiplying ARPU by the average duration of the relationship

with the customer, typically both expressed in monthly terms.
LTV = ARPU x CLV 5)
Or more generally:

LTV = Average value of a transaction x Average number of transactionsx CLV

(6)
As mentioned, this metric becomes one of the fundamental metrics for identifying the
most profitable customer segments for the company and, consequently, also the areas

where improvements can be made to increase LTV values in less profitable segments, or

21 The concentration of customer groups in the impact on revenues.
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even to abandon areas with little impact on the company’s profits.

Acquisition and Retention Metrics

1. Customer Acquisition Cost (CAC): The cost of marketing, advertising, and sales oper-
ations to acquire a customer. It is calculated by dividing the total expenses invested in

these acquisition operations by the number of customers obtained.

CAC — total expenses 7

number of customers

It is essential to keep this as low as possible to make the acquisition process more effi-
cient, though some factors outside the company’s direct control may raise values, such as

the entry of new competitors into the market.

2. Annual Contract Value (ACV): The value of the annual contract (the monthly value is
referred to as MCV) purchased by the customer at the time of acquisition. It is useful
for calculating the ratio between CAC and ACV to understand the surplus between ac-
quisition costs and the value obtained. It differs from general profit as it does not include
other fixed and variable costs related to managing the company’s infrastructure due to the

addition of a new customer.

3. CAC Payback Period (CACPP): The time required to achieve a positive cash flow after
the initial costs spent on customer acquisition. This helps calculate when the investment
begins to yield profits to the company, thanks to monthly payments discounted for the
opportunity cost interest rate. This metric allows the analysis of process efficiency and
financial parameters related to the liquidity necessary for growth and survival over time

between investments and profits[/14].

CAC
CACPP = ARPU x Gross Margin ®)

The lower the value, the more profitable the company is considered. Ideally, the result
should be less than one year to avoid the need for excessively high initial capital invest-
ments. A common technique to address this type of expense is to require payment in
advance, thus adjusting the cash flow. An example of these approaches is SaaS plans that
offer a slightly discounted price but require full annual payment upfront at that monthly

price.

4. Magic Number Ratio: This is an indicator that relates CAC and LTV, whose ratio is used

to measure the sustainability of the business. If the LTV:CAC ratio exceeds 3:1, it means
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that the adopted pricing and cost structure formula helps the company grow over time,
making the allocation of resources between perceived customer value and the costs of
acquiring them efficient. Together with the Payback Period, these factors influence the

economic value for investors.

5. Churn Rate: This indicator refers to the customer loss rate. The percentage expressed
by the Churn Rate represents the percentage of customers lost over a specific period,
calculated by subtracting the total number of customers at the end of the period from the
total number of customers at the beginning, excluding new acquisitions. For example,
10% on an annual basis means that the company loses 10% of acquired customers over
the course of a year, or if the monthly rate is 3%, the total customer base lost over the
year will amount to 36%. Hence the importance of keeping this rate as low as possible,
responding to the information it provides by identifying the root cause of these losses and

adopting strategies to improve customer satisfaction.

6. Revenue Churn Rate: This is the rate of revenue loss due to customer churn. It indicates
the impact of the Churn Rate on revenues, i.e., how much the customer loss rate quan-
titatively affects total revenues. Since it is always calculated as a percentage, a value of
10% would mean that total revenues for the period under consideration decreased by 10%

solely due to non-paying customers compared to the previous period.

7. Daily Active Users (DAU): This metric does not directly represent dynamics related to
costs, profits, or losses but remains essential for forecasting future revenues. Tracking
unique daily or monthly active users (MAU) helps perceive the value that each user at-
tributes to the service in response to their needs. While DAU and MAU metrics differ
only in the calculation time span, having many unique monthly users but few daily users
weighs more in the engagement calculation. High engagement results in a longer-lasting
relationship between the user and the company. Making decisions that increase these
indicators leads to a greater ability to engage in upselling or cross-selling@ and conse-
quently, to an increase in revenues. Assigning a score to engagement with customized

KPIs is a best practice recommended for every SaaS company.

This list of metrics, while not exhaustive of the financial complexity of a business but ade-
quately detailed for the dynamics addressed by this thesis, represents the starting point for the
calculation of costs, revenues, and pricing decisions to be addressed in the following sections.
However, before moving on to subsequent considerations regarding the SaaS company, it is
worth noting how many metrics revolve around the deeply relational nature of this type of busi-
ness with its customers. Intercepting and predicting the behavioral responses of the target users
means addressing the acquisition, engagement, and retention challenges faced by this business

model, thus extending its profitability over time[15].

22Selling additional products without increasing the main subscription price as occurs with upselling.
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2.1.3 Background and Premises of the Analysis

To facilitate the process of analyzing costs, revenues, and price decisions—the foundation for
the subsequent application of the Machine Learning model—it is essential to clarify the as-
sumptions of the paradigm to be used. Economics is not a discipline of certainties; there are
many complexities to consider, as well as dynamic variables to monitor, fluctuations, and con-
tingencies that depend on the specific company. Consumer psychology plays a large role, as
do behavioral responses to both internal and external variables, along with short- and long-term
considerations. Therefore, this paragraph aims to clarify the model under review for subsequent
analyses: it presents an extension of the characteristics already outlined, aimed at simplifying
the aforementioned complexities and in line with the thesis’s objective. The aim is not to study
a specific case with real historical data but rather to apply a rigorous theoretical framework to a

modern solution aligned with optimization needs relevant to the market.
Market Context

In line with what was explained earlier, we will use the Micro SaaS market as a model:
this type of market does not exhibit characteristics of full efficiency, making it impossible to
configure it within the paradigm of a perfectly competitive market[16]. Companies within this
market have a certain degree of price influence, creating their own small monopolistic-like
situations through strong differentiation of the services and attributes they offer. At the same
time, this market cannot be defined as strictly monopolistic, as the barriers to entry are minimal
due to the availability of technologies, cost reductions, and the accessibility of knowledge and
development. This makes virtually anyone with an internet connection a potential competitor,
provided they are targeting the same niche.

The consequences of this competitive-monopolistic dichotomy support the theoretical foun-
dation of monopolistic competition, which forms the basis for subsequent analyses. This frame-
work is consistent with other statistics presented in describing the SaaS market, emphasizing
the importance of profits tied to growth rates. In fact, the structure of a monopolistic compe-
tition[/17]] market exhibits two distinct behaviors in the short and long run, with competition
having greater influence in the latter scenario, leading to a downward shift in the demand curve.
Adjustment mechanisms require adding value to the offered product by enhancing tangible at-
tributes (new services, new technologies) or intangible ones (market presence, psychological
value, brand prestige). Maximizing profits and growth rates makes it possible to invest in re-
search and development to counter this phenomenon.

In this specific case, we consider a Micro SaaS market of the Business to Customeﬂ (B20C)
type, with a sales model based on monthly subscriptions. Key economic metrics such as MRR,

CAC, LTV, magic number, and churn rate play an essential role in determining costs and rev-

23 A sales model aimed at individual customers, not businesses.
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enues.

It is also worth reiterating that, in line with the academic nature of this thesis and avoid-
ing strategic deep dives into specific corporate financial management, costs, cumulative market
demand, and revenues will be studied ceteris paribus@ even though real-world revenue gener-
ation is more driver-based, where revenue as an output is influenced by CAC and the conversion
rates of SG&A marketing and sales expenses, not vice versa. For the same reason, assumptions
about financing will be treated as exogenous variables: we assume that, due to the nature of
Micro SaaS, there is no need for external funding, relying instead on the founder’s bootstrap-
ping ability and the capacity to sustain a payback period or cover sales and marketing expenses

without jeopardizing the company’s financial health.
SaaS Product Type

The product in question is a service offered for a monthly subscription fee, targeting a niche
group of users. To make the analysis more concrete, we can hypothesize that this company has
developed a service to automate bureaucratic and organizational processes typically faced by
a specific subset of freelancers. This subset of the buyer persona could include those earning
between $50 and $150 per hour. Adding more hypothetical characteristics, we could estimate
that the potential customers in the global market number 50,000 freelancers worldwide, but the
company can only aim for a 30% market share due to factors such as competition (e.g., loyalty to
other brands or existing subscriptions to similar services), inefficiencies in marketing campaigns
that prevent reaching the entire target audience, language barriers, missed integrations with
specific processes used by clients, or less-valued attributes.

Another simplification for ease of calculation is the static nature of the market share percent-
age. In reality, this follows the demand curve, making subscription to the product dependent
on other variables such as product novelty, peer network effects, and the dynamic behavior de-
scribed by Roger’s S-curve of product adoption, which through logistic regression outlines a
trend composed of the four phases of the product life cycle.

With these premises established, we can proceed with the analysis of the cost structure,

demand function, equilibrium, and pricing.

2.1.4 Costs Structure of a SaaS

The reference to key financial metrics for managing SaaS companies is linked to the specific
market context, the relationship with customers, and the importance of growth as a forecast
metric for future sustainability. However, it is also clear that the managerial operations aimed
at customer acquisition and retention require fertile ground that fosters the monetization of

the relationships established with this resource investment: determining the appropriate price

24Keeping other economic factors constant.
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that balances supply and demand is, therefore, a critical factor that finds its essence in the
analysis of costs and revenues. Yet, the microeconomic structures of these companies take on
particular characteristics due to the specific market context, making them optimized in relation
to the metrics analyzed earlier and differing from decisions made by more traditional companies
regarding market equilibrium.

The definitions of costs do not vary from those studied in other production contexts: the
distinction between direct and indirect costs, fixed or variable, as well as total, marginal, and
average costs, remains the same. However, in the dynamic world of SaaS, the way these
costs are conceived and allocated—along with their impact on the financial health of the com-
pany—varies based on the central concept to which they refer: the costs associated with Cloud
Computing and the consequences of using this technological infrastructure.

Indeed, analyzing the distinctive architecture, the service offering relies on several key el-
ements: the software, the ability to access it online, the space needed for user data structures
and databases, the domain of the website, and the facilities on which the product is built. Start-
ing with the software itself, depending on its size and complexity, it must account for various
development and maintenance costs over time. Additionally, it is essential to include the cost
of any third-party services (such as API@ used within the offered SaaS product. The soft-
ware needs to be hosted on a cloud platform accessible via the web, resulting in costs for the
resources required to purchase space for uploading the site code, the algorithmic logic govern-
ing it, or the space needed for the user data database. These services are provided by Cloud
Computing services mentioned earlier: PaaS (Platform as a Service) and laaS (Infrastructure
as a Service), which, upon subscribing to one of their plans, guarantee the conditions for the
online presence of the SaaS software. The subscription for PaaS hosting (used for hardware
and software resources) and IaaS (responsible for managing the database and backend logic@

is the fundamental pillar around which the cost structure for a SaaS company revolves.
Fixed Hosting Costs

The cost of the space needed to host the SaaS product infrastructure in the cloud varies based
on the size and performance, i.e., the costs of hosting services are divided based on the compu-
tational capacity and memory of the infrastructure relative to user traffic and data handled by the
SaaS product. Excluding the option of purchasing discounted shared computational resources
(which are not suitable for the development of a professional and high-performance business),
the cost structure related to technology is divided into fixed and variable costs, structured in
fixed memory band tiers. For the theoretical purpose of this analysis, moving away from cal-

culations in Gigabytes and using the number of users as the unit of measurement, proportional

I Application Program Interfaces: software interfaces that allow interaction between different programs, even
external to the company, with fees based on the resources used.

26The backend includes the part of the software that operates behind the scenes, handling the interaction logic
with data structures visible in the frontend, the software interface accessible to the user.
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to the average memory used by each in usage, it is possible to calculate and visualize a cost
structure characterized by a stepwise pattern: using purely arbitrary data for a Micro SaaS, the
reference graph for fixed hosting costs[[18]] (domain, security certificates, space for frontend,
backend, database, possible cache optimizations or automations) describes an increase in its
cost in a non-linear manner but subject to the memory band tiers needed to support a specific

number of users.
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Figure 1: Monthly hosting fixed cost by number of users

2.1.5 Demand curve

The higher the profit, the greater the contribution to the wealth of stakeholders provided by the

company. The formula for profit is simple but effective:

T=pxq-—TC )

That is, profit m equals revenues (p xq) minus total costs (TC = fixed costs + variable costs).
Having already analyzed the costs, it remains to further explore the trend of revenues in a SaaS
company, where the quantity doesn’t pertain to the product itself but rather to the number of
customers, while the price is the average paid to access the service.

Considering the two key elements, price and number of users, we will first analyze customer-
related considerations before diving into pricing decisions. Indeed, the two elements are deeply
interconnected, influencing each other based on the limitations and flexibility found in both. An
example of this is the number of users, the initial topic for analyzing revenues.

In the introductory chapter, the SaaS world was described as a business model that finds
its essence in solving real problems. A SaaS company, even before developing the software, is
subject to a validation test aimed at recognizing its effectiveness in solving existing problems
within a specific environment. This environment can be broad or niche, as previously discussed

in the distinction between SaaS and Micro SaaS. These considerations, however, do not impact
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solely the structure and size of the company: the number of actors involved in a given environ-
ment becomes a fundamental element for understanding the customer base that can be predicted
through acquisition processes.

A very large environment may offer greater growth opportunities, although it may also be
more competitive. In this case, the potential users will be sufficiently numerous to foresee a
revenue system with lower costs (also due to the threat of competition) while still having a
large enough user base to more easily cover fixed expenses. The turning point of web 2.
was precisely this: social networks capable of offering their platforms for free by leveraging the
sheer number of reachable users and the ability to connect them with other businesses interested
in reaching them. A SaaS company with many thousands, if not millions, of potential customers
can plan its financial goals in a completely different way from a Micro SaaS with a small user
base within a restricted niche. The greater the level of discrimination (understood as identifying
the buyer persona in highly specific individuals compared to the rest of the population), the
more attention must be paid to price efficiency, financial metrics, and cost structure, as these are
extremely sensitive to changes in the number of users.

Losing one user out of a hundred available has much more impact than losing one out of a
million potential customers. Although managing a smaller user base involves — as previously
seen — lower total costs and — as will be discussed later — a lower Break Even Point com-
pared to SaaS with broader potential, finding a competitive price that aligns with the value the
customer assigns to the SaaS product is crucial for maximizing revenues with the limited pool
of customers that can be reached.

In microeconomics|[|19], market equilibrium is the point of intersection between the con-
sumers’ demand curve (the sum of individual curves of each buyer) and the company’s supply
curve for a good or service. The supply curve is constrained by costs, the target profit, com-
petition, and the type of market. However, focusing on the demand curve, it represents the
customer’s willingness to purchase the product at a given price. Consequently, the relationship
between the price of a product and the quantity demanded is inversely proportional: as the price
decreases, the quantity of the good purchased increases, while an increase in price corresponds
to a lower demand. The goal of a company is to sell as much as possible, but revenues are
derived from the price/quantity product, meaning that lowering the price but selling more prod-
ucts can yield the same result as selling fewer but at a higher price. All the microeconomic
assumptions presented refer to consumer rationality, which implies perfect knowledge of their
demand aimed at maximizing purchasing utility; however, psychological and social factors also
come into play, which will not be explored for now.

Therefore, the cumulative demand curve, while useful, proves to be extremely complex to
estimate. It is subject to all the variables listed, the dynamism of the market, and is difficult
to predict despite historical data: the market is constantly evolving, and the influence of other

companies involved generates continuous shifts that, in turn, lead to other dynamics. One ex-

?Tan evolution of the internet focused on user-generated content (social media)
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ample is churn rate, which removes a user and their demand from the cumulative demand for
the service offered by a SaaS for an indefinite time (often permanently), potentially adding them
to the demand of another competitor.

Excluding the many uncertainties and relying on the assumptions described in the previous
paragraph, a good approximation for studying demand can be based on the example of calcu-
lating ROI for the customer. Indeed, the price one is willing to pay for the service is nothing
more than the value each customer assigns to that service: it is said that a company does not
assign a price to the product but to the customer. The assumptions identified the buyer persona
as a freelancer with an hourly rate between $50 and $150. After studying this product, it is esti-
mated that the automation offered saves an average of ten hours per month, and the customers’
willingness to pay is about 10% - 30% of this ROI, calculated as ROI = 50 x 10 = $500 and
ROI = 150 x 10 = $1500, i.e., ROI = hourly;rate x hours; saved = $500. This results
in a price range between $50 and $450, which, however, reflects too wide a fluctuation in a
competitive and price-sensitive context in relation to the product’s features.

In fact, to adopt a structure representative of these characteristics, one can think of willing-
ness to pay as the value represented by the Berry, Levinsohn, and Pakes model presented in
their paper ”Automobile Prices in Market Equilibrium”[20]], where the utility of consumer i for

product j is given by:

Uij = B — qipi + & + €5 (10)

With z; representing the observable characteristics of product j, 3; the consumer i’s sen-
sitivity to these characteristics minus the consumer’s sensitivity «; to the price of product p;,
adding the unobservable characteristics of the product &; (such as preferences, brand value,
social value), and an idiosyncratic error term ¢;; that captures unobservable preferences; and,
therefore, not precisely quantifiable.

These preferences can be normally distributed around an average, meaning that a demand
curve can be exemplified with a price preference among market users that can be represented
by a Gaussian bell curve where, symmetrically, preferences are distributed around a mean with
a certain degree of deviation. The function is as follows:

1 (z—p)?

fla) = =e (11)

With o2 equivalent to the square of the standard deviation o (deviation from the mean) and

1 representing the mean around which to generate this symmetry, with the peculiarity that the
mean, mode, and median are equal. Based on the quantities used as examples, the mean price
preferred by consumers can be found at $75 with a deviation of $25, quite high but justified
by the target with a wide difference in hourly rates and consequent ROI. As a result, 68% of
users are willing to pay in the price range between $50 and $100 (one standard deviation), while

increasing the range between $25 and $125 (two standard deviations) includes 95% of users,
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reaching 99.7% between $0 and $150, with a small percentage of 0.3% willing to pay over $150.
However, the resulting graph and the projection of this behavior onto a demand curve show that
a symmetrical distribution model is not well suited to representing market phenomena. First of
all, the elasticity of the curve is smoother than expected in reality, where there is much greater
price sensitivity in areas beyond the deviation from the mean, justified by higher price sensitiv-
ity compared to the evaluation of observable and unobservable attributes. Moreover, although
the price decreases, there is a strongly inelastic portion of the curve below $50, as, despite hav-
ing a higher surplus, consumers who value this service more are not keen on a significant price
reduction due to a perceived lower response value. This also leads to a reduction in the user
base willing to purchase, representing a function akin to Veblen good@[Zl |, where the lower
the price, the fewer people are willing to buy. In this case, a low price is viewed with suspicion,
representing either low product quality and/or long-term survival difficulties (making it ineffi-
cient to learn to use this product). Certainly, there is a new trend reversal near zero because
the free investment of resources reduces the perceived risk. Finally, the curve’s inelasticity also
represents the product adoption life cycle, which grows faster as more users can be acquired,

leveraging not only marketing channels but also the network effect. To approximate this be-
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havior (omitting Veblen variations and those near zero since revenues would be too low, and
thus no company would be willing to sustain a loss-making business), a logistic function can be

used, described by this formula:

L

- 1 4+ e—k(—po) (12)

D(p)

L is the maximum number of reachable users, while Q(P) is the quantity willing to purchase at

a given price P. The element k, on the other hand, is a parameter that influences how quickly

BLuxury goods.
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the curve rises: this S-shaped trend represents more inelastic beginnings and ends (prices that
are too high or too low do not significantly change the number of customers available for pur-
chase) while having more elastic behavior near a closer price range. However, since the logistic
function follows an S-shaped sigmoid pattern[22], the inverse formula is necessary to represent
P(n).

P(n) =po+ 1 hrl(£ - 1) (13)

k' 'n

By finding the inverse formula to determine the price as a function of the number of users,

the curve can approximate a cumulative demand curve in these scenarios, which will serve

as a reference for subsequent analyses. For market equilibrium, reference is usually made, as
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Figure 3: Logistic function for the Demand

expressed, to the supply curve. However, this occurs in perfectly competitive markets, while the
context evaluated falls within the standards of monopolistic competition. In this case, thanks to
the demand curve, it is possible to estimate marginal revenues and find the optimal number of
users at the point where these intersect with marginal costs. Projecting the optimal number of

users onto the demand curve also allows the optimal price to be found.

2.1.6 Optimum pricing

Having already obtained the equation for the demand curve (the inverse of the price from the
logistic function) and the marginal cost curve, the next step is to estimate the marginal revenue
function in terms of demand, i.e., the difference in revenue with respect to changes in quantity.
By calculating instant by instant to plot the curve, we can use the definition of the derivative to

obtain the following formula:
MR = —(P(n) x n) (14)
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Solving this, recalling that P(n) is the demand curve described by the inverse of the logistic

function, we obtain:
1 n

“r Q= Y (49

The curve follows the same pattern as the demand curve, with the y-axis (price) intercept at

MR = P(n)

the same point but growing at a slower rate, intersecting the x-axis (number of users) at a lower

number of users than the maximum market slice.
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Figure 4: Marginal Revenue curve

To find the point where MC = MR, the marginal cost function can also be plotted on the
same graph, along with the average total cost curve for profit calculation.
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Figure 5: Marginal Revenue and Marginal Costs

It is immediately noticeable that, due to large increments dictated by the stepwise structure
of fixed costs, the marginal costs intersect the marginal revenue curve multiple times, making

the MC = MR relation valid at several points. However, the ultimate goal is to identify the point
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where the area under the demand curve (price X number of users) is maximized. The price,
as anticipated, is related to the coordinates of the projection of the optimal number of users
found at the market optimum where MR = MC on the demand curve. This leads to the choice
of the last intersection point, yielding a price of $58.99 for 11,738 users. Given an average total
cost at that point of around $7.50, and rounding the price to $59.99 due to the psychological
influence of the number .99 on prices, we can determine a profit per user of approximately
$52.50. This results in a profit percentage of over 700% relative to costs, which aligns with the
exponential growth needs required for survival in this type of market. It is important to note that
this situation of monopolistic competition is only valid in the short term; over time, increasing
competition lowers the demand curve closer to the average total cost curve, reducing profits and
shifting the producer surplus to the consumer surplus. These profits and growth rates will serve
for investment in research and development of new technologies to re-differentiate the SaaS
product, repositioning it within the monopolistic competition market in the horizon of a new

short-term period.
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Figure 6: Market Equilibrium

At this point, having found the price, to complete the analysis, we can determine the Break-
Even Point (BEP), where total costs equal total revenues, i.e., where the number of users — with
the numbers used — is 198 users, corresponding to the point of intersection between the total
cost and revenue curves, TC = TR. It should be noted that this analysis is ceteris paribus and
not exhaustive of the real complexity, where MRR, LTV , and churn rate dynamically modify

these figures.
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Cost Structure and Break-Even Point (BEP)
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Figure 7: Break-Even Point

2.1.7 Challenges and Pricing models

While this analysis may make the expectations for this type of market appear highly optimistic,
it is necessary to emphasize and further explore the challenges of a theoretical and academic
approach. Before reaching such a market equilibrium, it is assumed that the company has
achieved a stable condition, which typically takes years of success and growth.

The SaaS market presents several distinct points, which can be approximated to a sim-
ple model like the one presented but require prompt and active action from the company’s
executives in both planning and recurring monitoring. After all, this thesis aims to study in-
efficiencies, assigning them such importance that measures are taken to maximize profit as a
precautionary tool against structural fluctuations in the system.

Even though variable costs are negligible, fixed costs make it essential to adopt a cautious
approach, especially near level shifts. It is necessary to refer to the capital needed to cover
costs during the business life cycle between acquisition expenses and the CAC payback period.
Especially in the Micro SaaS model analyzed, where the solopreneur tends to bootstrap, cov-
ering these expenses becomes a critical factor. This type of structure, while presenting strong
economies of scale with very low average total costs, depends heavily on demand, which is
highly volatile.

This volatility is due to several factors related to acquisition and churn rates: the lack of
entry barriers, technological evolution, competitor behavior, varying demand curve elasticity,
and negative user responses due to administrative errors in customer service, marketing, or
communication in general. These factors continuously affect both the demand curve and the
market size and share. Moreover, the efficiency of the marketing structure can lead to more or
less rapid user growth, and especially, non-linear growth. Simultaneously, competition or poor

customer service can raise churn levels, causing user abandonment, most of whom will not be
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reacquired, reducing market size. Additionally, the Funnel procesﬂ involves several variables,
more or less directly controlled by the company, which can lead to inefficiencies that further
alter the demand curve. Referring to Daniel Kahneman’s studies on psychology and the real
alternatives to the rational postulates of economic theories aimed at describing the behavior of
the Homo Aeconomicus, in such cases, mathematical models only contribute to giving us the
allure of the illusion of control.

Moreover, thinking about short- and long-term competition structure helps crystallize the
concept of growth. In the long term, with technological evolution and the entry of new play-
ers into the competitive market, it has already been mentioned that the demand curve steadily
approaches the level of average total costs. This also depends on the fact that such changes
follow a simple S-curve behavior, indicating that the SaaS product offered is no longer desired.
Therefore, it is essential to invest in research and innovation, bringing — if not changes — new
additions to the product, exploiting economies of scope to reduce costs for otherwise distinct
SaaS services.

All these challenges and difficulties, though not represented in the analyzed graphs, further
underscore the theoretical foundation for the company’s efforts in optimization and efficiency.
In the SaaS space, inefficiencies related to customer relations and pricing choices have a greater
impact than an unoptimized cost structure. Thinking about pricing models that do not rely

solely on an MRR subscription helps manage and maximize both user engagement and profit.
Pricing Models

Setting a price for the customer, not the product. There is often reference to the Pareto
distribution, which states that 80% of output comes from 20% of input. In this specific study
context, one could say that 80% of profits may come from 20% of users.

This statement is not necessarily true, neither in percentage nor structural terms. In fact,
it can be seen as a condition to aim for: finding the 20% of users on whom to allocate the
company’s SG&A costs would be an efficient way to maximize the ROI of economic efforts. It
is certainly complicated to readjust the company’s architecture, even considering the importance
of the demand curve in its price sensitivity. However, the premise of monopolistic competition is
precisely the ability to influence prices by the company. Consequently, by segmenting demand
and formulating two different cumulative demands, it is possible to apply price discrimination
with the structures that will be presented later in this chapter.

Yet, price discrimination is not the only way to increase profit potential through more com-
plex structures. Various strategic solutions exist, aimed at specific cases derived from goals
determined on precise KPIs. Just think of the psychological impact of prices, to which we are

all now accustomed. Prices ending in 7, or .99, have a greater persuasive effect than other fig-

2The Saa$ funnel represents the customer acquisition process, from service discovery to conversion into paying
users, optimizing each stage to maximize conversions and reduce churn.

31



ures that we unconsciously perceive as more expensive. There are also graphic solutions on
websites, such as placing the desired selling price in the middle of other options or highlighting
it with brighter colors, lifting it upward, placing it next to two unreachable solutions, or vali-
dating it with labels such as “most chosen” to trigger our social animal biases. However, it is
not just psychology and marketing that drive the assignment of greater value. It is said that the
right price is one at which users complain about the excessive expense but are still willing to
pay to use the service. It is not enough to keep the price above costs; it must be brought as
close as possible to the maximum value the consumer assigns to it. However, this is not easy
due to informational asymmetries that prevent the producer from having complete knowledge
of where to set prices to maximize profits.

A Pricing Model refers to the model by which a business (in this case, SaaS) determines a
structure according to which customers pay the value they receive from the company. As men-
tioned earlier, it is a fundamental element for companies, as it determines profit, the payback
period, and the initial capital required to cover fixed costs before reaching the Break-Even Point.
Additionally, other results related to customer-driven strategic planning are added. Below are

some solutions to the problem by proposing targeted interventions for specific situations[23|].

1. Flat-rate: This is the subscription system used so far in analyzing costs and monthly
recurring revenues at a given price. That price is an integral part of the flat-rate model,
meaning the monthly fee (subscription) paid to access the service. It is a standard, non-
diversified fee, whose determination lies in finding the price/user ratio that maximizes

demand as seen earlier.

2. Lifetime access: With subscription models, recurring monthly revenues are typically
adopted. However, the impact of the CAC Payback Period at the start or in times of
growth is so high that it encourages alternative solutions. One might be to show the
monthly price but require an immediate annual payment to have the funds necessary to
cover fixed costs upfront. Another is the lifetime access technique, offering a fixed sum
that is convenient in the long run to gain more immediate capital. It is calculated based
on LTV but is often a temporary solution, with costs amortized through the acquisition of

customers gained from the capital obtained through this strategy.

3. Freemium: Freemium refers to a solution where customer acquisition is not necessarily
compensated through funnel processes, but rather with a call to action aimed at regis-
tering for the service by offering free features. This can take different forms, such as a
trial period (usually linked to entering a card to reduce the friction to monetization), a
limited number of uses to ”spend” whenever desired, or completely free access aimed
at engagement and loyalty, potentially leading to a future upgrade. This concept lies in

the aforementioned Pareto distribution, where 20% of paying users cover the costs of the
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freemium users and generate profit. These structures require sustainable cost manage-

ment.

4. Tier-Pricing: Unlike Flat-rate, although this is also a subscription model, there are dif-
ferent tiers, levels of spending depending on the features and higher benefits obtained
by those willing to pay a premium. Higher tiers correspond to more services, faster
speeds, support, and shared usage: all attributes that differentiate a single product thanks
to features available to those willing to pay more due to the higher value attributed to
the product. This model relates to the theory of price discrimination but is based on an
arbitrary assumption of the various levels available on the demand curve, leaving the cus-
tomer to choose whether to adhere to the fee or not. Compared to the flat-rate model, it
certainly maximizes profit more, effectively replacing the consumer surplus of customers
with a higher positive deviation from the flat-tier with the surplus of the SaaS producing

company.

S. Per-user: A pricing type associated with paying a higher fee if a workspace wants to
add another user’s collaboration. In this way, the price increases each time a new user
is added. This system is often paired with freemium solutions for the first customer,
then transitioning to a paid plan for each collaborator. This system capitalizes on user
engagement and the network effect of growing users through the free plan, then monetizes
companies (with much greater price sensitivity than individual users) whose teams choose

to collaborate together.

6. Usage-based: This is a pay as you go framework, where no recurring fee is charged.
Instead, payment is made upfront for a service use equivalent to the customer’s usage
choices. Access to the service may last a month, a few days, or a year: MRR is not
controlled, but by studying user behavior, an increase in other metrics (such as LTV) may

be found due to multiple uses compared to the estimated monthly usage.

7. Add-ons: These are components or additional functionalities that can be purchased or ac-
tivated to extend the base software’s capabilities. These add-ons allow users to customize
the SaaS service to their specific needs without having to change the entire platform, such
as integration additions, premium services, or larger storage. This strategy is often used
by offering add-ons as optional services at an additional cost to the base SaaS subscription

plan, allowing users to pay only for the features they actually need.

The models presented are just a few of the common pricing models adopted by companies
and are not intended to be exhaustive of the multiple possibilities available to a SaaS company.
On the contrary, different structures are implemented depending on the problems the company
faces[24]. For instance, by implementing various subsets of models simultaneously, a differ-
ent structure can be achieved compared to adopting one individually. Often, the choice is not

between one model or another, but on how to balance them together to maximize profit.
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Moreover, temporary techniques can be applied, such as price skimming, where a higher
price than value is applied at the launch of a new product to guarantee early access, monetize
innovation, or leverage competitive differentiation. A price that then returns to expected val-
ues, following the sigmoid curve that describes the product lifecycle, already explained earlier.
Conversely, another technique is price penetration, where a lower, more competitive price is
adopted to attract the maximum number of customers and exploit the bandwagon effect, where
demand increases simply because others are adopting the service.

In general, four main pricing strategies can be identified: value-based, competition-based,
cost-plus (applying a target percentage above costs), and dynamic pricing. In the SaaS context
and with the pricing tools just described, the priority is to increase the product’s value for
customers. However, thanks to Machine Learning and the techniques that will be explored
further in this thesis, it will be possible to think of dynamic price assignment through user data
collection. Dynamic pricing is often viewed with a critical eye, but when used appropriately in
the context of service differentiation based on preferences, it can instead increase satisfaction
and engagement by giving customers the freedom to pay the right value they themselves assign
to the offered SaaS product.

Indeed, it is estimated that only 39% of companies set their prices based on such in-depth
analyses, while 27% follow their intuition and 24% base their decisions on competitor pric-
ing[25]]. Analyzing and planning the effects of pricing strategies — making them flexible in
response to feedback received — increases process and resource allocation efficiency to foster
growth. To make informed decisions, it’s important to conduct a total cost analysis, recognize
the value different customer segments are willing to pay for the offered service, and conduct
market research on the competition. Additionally, it’s crucial to effectively communicate both
differentiation and quality in attributes, as well as any price or policy changes, to maintain

customer loyalty and reduce churn.

2.1.8 Data Management and Forecasting

It is essential to review metrics using the historical data collected by the company. By analyz-
ing costs, prices, and profit variables, the importance of adopting a data management system
becomes apparent with respect to the information that can be gathered from users and their
behaviors in response to company communications, external environment, price changes, and
attributes. Building a database of information and managing it properly to track analyses in
support of decision-making means undertaking strategies and decisions driven by data, not just
intuition. Certainly, one cannot expect historical data to lead to a certain prediction of future
results, nor is it easy to recognize all the patterns and causal links that led a certain input to
produce a certain output. However, reducing inefficiencies also means reducing risk, and in
this, historical and real-time company data become essential tools for achieving the goal.
Managing data, protecting it, maintaining it, and hiring staff capable of extracting the neces-

sary information comes with a significant cost to add to total costs. However, the ROI in return
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has value in terms of profit and long-term sustainability: all metrics benefit, as determining their
value provides the information needed to dynamically and timely adjust the company to mar-
ket demands, avoiding errors and economic losses due to informational asymmetries (revenue
leakage). Indeed, there is a need for a quick, automated response that is based on historical data
but updated in real-time, especially in cases of analyzing the development of new strategies
or understanding the impact of decisions, such as launching a new product, the lifecycle of an
offer, changing prices, and A/B testing of these same topics.

The data in question is related to customer information that the business collects through
direct surveys, reviews, feedback, or automations related to customer behavior (for example,
using cookies). These data are collected precisely to better understand the effect of marketing
strategies, increase sales, produce positively evaluated services by users, or improve customer
service and retention rates. It is therefore important how they are processed and interpreted, as
well as validated to provide useful and relevant information. Examples of information include
personal contact details, demographic, psychological, and preference data.

These fields are necessary to segment users into groups as accurately as possible, with simi-
lar demand curves and different needs. Ultimately, these data serve to understand how to divide

and differentiate offers (such as discounts), products, KPIs, communication, and prices.

2.2 Price Discrimination Theory

Typically, when discussing prices, it is done with a linear perspective on the price-quantity re-
lationship. However, in reality, pricing is influenced by multiple variables, which can result
in different prices depending on the volume purchased or specific agreements on bundled pur-
chases. This ability to deviate from the economic inertia of natural efficiency (understood as
Pareto optimality for a single price) is granted by a company’s market power and, consequently,
its ability to set its own prices. The inefficiency that allows for this market power is monopolis-
tic behavior, as studied in the theories of Dupuit and Cournot[26]]. However, other variations,
such as monopolistic competition, also allow short-term price-setting power and the possibility
of adopting non-linear or non-uniform pricing strategies, as seen in price discrimination.
Referring to the etymology of the word discrimination, the economic meaning attributed to
differential pricing practices becomes clear: it is a process aimed at distinguishing and sepa-
rating different market segments and consumers. Specifically, because in monopolistic equilib-
rium the company sets the price and demand dictates the quantity, the various components of
demand can be used to segment groups of consumers with similar characteristics, extracting a
maximized price-quantity ratio from them, which is more advantageous than choosing a more
general price. The characteristics referred to may include demographics, income, psychological
factors, or other elements that generally influence the utility expressed in the Berry, Levinsohn,
and Pakes equation (10). As a result, the primary factor driving price discrimination is the

ability to gather relevant information in order to identify each consumer’s willingness to pay.
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This differentiation, however, is bound to be imperfect as it is subject to sociological, psy-
chological, and dynamic factors, translating the segmentation attempt into a probabilistic ap-
proximation[27]]. Moreover, price discrimination is recognized by consumers themselves, and
their behavioral responses may vary, sometimes leading to outright opposition when they re-
alize they are paying more for the same service than others. For this reason, when applying
differential pricing, it is crucial to understand the impact on customers and their engagement
or loyalty. Clear and effective communication is essential, as is offering a distinction in the
product’s attributes to justify the price differences. Furthermore, price discrimination is often
applied not only based on the personal characteristics of the consumer, placing them in a spe-
cific segment, but also based on market differences, such as the timing of purchase (e.g., high
or low season for vacations) or geographic differences between regions or countries.

Given the discriminatory implications (even if legally permissible), some level of arbitrage
must be accepted, allowing consumers to place themselves in a more favorable segment and thus
save money, regardless of their individual characteristics. For example, one might purchase a
product in a market where it costs less or patiently wait for sales or periods when prices drop.
This logic is important for preserving consumer utility, as they recognize the price paid as
fair value. This concept is closely related to the notions of risk and opportunity cost, akin
to how interest rates compensate a saver for deferring the use of their money. In this case,
the consumer’s efforts to obtain a lower price in a price discrimination system are rewarded
by the surplus gained from the price difference. However, despite the system’s built-in balance,
companies invest resources to determine whether or how much they should reduce or counteract

this arbitrage.

2.2.1 First-degree, second-degree, and third-degree price discrimination

The profitability condition behind this differentiation in pricing models is based on the eco-
nomic assumption that customers who value the service more are willing to pay a higher price
compared to the uniform price applied across the entire market. To achieve this segmentation
goal, specific socio-economic conditions must be in place, such as the legality of this type of
distinction and the market power that allows the company to influence both the price and the
consumer’s willingness to pay. The necessary conditions for this phenomenon, however, are
further influenced by the amount of information the company possesses and the degree of ar-
bitrage and resale power available to the consumer. In fact, if a customer who pays a lower
price is able to resell the purchased good at a higher price to another customer whose demand is
greater, and if the resale price is lower than what the company charges the higher willingness-to-
pay customer, then doing business with the company would lose its appeal, and market demand
would be entirely disrupted.

The varying degrees of balance between the amount of information gathered and the impos-
sibility of arbitrage or resale divide price discrimination into different levels of implementation:

for instance, perfect knowledge of each customer’s willingness to pay would result in a perfect
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transfer of consumer surplus to the producer, while an almost complete absence of information
requires entirely different measures. This subsection will explore the three degrees of price dis-

crimination and the measures adopted according to the scenario[28]].

First-degree discrimination

First-degree discrimination refers to perfect price discrimination, where each customer knows
and communicates their exact willingness to pay (WTP) for a service to the company. In this
case, resource allocation is efficient, with no deadweight loss or inefficiency. However, this
form of discrimination is the most extreme of the three and is difficult to implement in practice,
remaining mostly theoretical. No consumer, and consequently no company, has a perfect un-
derstanding of every individual’s WTP, making this perfect discrimination nearly impossible in
real-world markets.

Nonetheless, it is important to study this model to better understand pricing dynamics and
the ideal outcome that can be aimed for with the other two degrees. By capturing the entire
consumer surplus, the company maximizes profit as if the producer could hold an auction with
all market participants, allocating each good to the highest bidder. In reality, a framework
similar to this can be observed in auction markets or luxury and highly specialized services,
where the seller can negotiate based on the client’s willingness to pay for highly personalized
services.

While this model is extremely beneficial to companies, it generates significant dissatisfac-
tion among customers, who may perceive the distribution of benefits as unfair, potentially lead-
ing to behavioral responses like withdrawal from purchasing. Furthermore, this model requires
a total ban on arbitrage and resale, along with an absence of substitute goods or general compe-
tition.

A more realistic variation of this perfect model involves the adoption of a lump-sum fee,
where a fixed fee guarantees access to the transaction. The objective of first-degree price dis-
crimination lies in the company’s desire to capture all of the consumer surplus and replace it
with profit. By applying a lump-sum fee, a portion of the surplus is extracted through a fixed

charge, in addition to revenue generated by the traditional formula of price X quantity.
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Figure 8: Lump-sum Fee

Second-degree discrimination

Second-degree discrimination, on the other hand, can be defined as a form of self-selection,
where customers choose from options provided by the company. Prices vary based on the
quantity consumed or the bundle of goods or services purchased, and the customer selects the
solution that best fits their needs and willingness to pay.

Unlike first-degree discrimination, prices remain uniform but are based on choices between
different values. Since the company lacks knowledge of each consumer’s WTP, it identifies dif-
ferent segments by analyzing demand separately and assigning a price to each segment. How-
ever, the price offering is static, and the decision to adhere is left to the consumer. This reduces
the perceived fairness issues discussed earlier, but at the same time, it is less profitable for the
company, which cannot fully capture the consumer surplus. This is, of course, provided the
price reflects the quality for which consumers are willing to pay more.

For example, in the transportation market, second-degree discrimination is implemented by
selling first-class, business, or economy tickets. If those who are willing to pay significantly
more for a premium class find that the benefits do not justify the price (such as having the same
comforts as standard economy), the consequences may be similar to the perceived unfairness of
first-degree discrimination.

In this case, the lump-sum fee theory can also be applied, as companies seek to maximize
tariff payments relative to willingness to pay and demand curves. By identifying two types of
consumers and their respective demands (with one being higher than the other), a company can
reduce the surplus of the higher-demand segment, which would otherwise exist with a uniform
tariff. The company offers two different pricing plans, one with a higher fixed tariff and lower
variable price, and the other with the opposite structure. This model is called a two-part tariff,

consisting of two distinct pricing components: P = tarif f + price X quantity. Examples
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include businesses that charge a subscription fee for service access and then add a variable
price based on the quantity purchased. To work effectively and avoid a segment purchasing
the other’s plan, companies must stimulate adherence based on specific segment preferences,
encouraging higher usage consumers to pay the higher tariff balanced by a lower variable price
(capturing what would otherwise be excessive consumer surplus), or the reverse, with higher

variable prices for those expected to consume less.
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Figure 9: Two-part tariff

There are also various types of second-degree discrimination associated with fie-in sales,
where the purchase of one good is contingent on purchasing another. In this case, the company
can combine products or services, charging more to those willing to spend on both, albeit at
a discounted rate, extracting surplus that would otherwise not be gained (by encouraging the

customer to purchase more than one good). There are two types of tie-in sales:

1. Bundling: A practice of grouping two or more products into a single package sold at a
combined price. This can be further divided into pure bundling, where products can only
be purchased together, and mixed bundling, where products can be purchased individually

or as a package.

2. Requirements tie-in: In this case, a low-priced good is linked to the obligation to purchase
a related product at a higher price. This allows the company to extract surplus from

customers who use the product more by discriminating on the price of the consumable.

By employing these tie-in sales practices, companies gain an additional way to differentiate
prices according to consumers’ WTP. However, the choice to accept or reject such pricing is still
left to the customer, unlike first-degree discrimination, where the company imposes the price

based on perfect knowledge.
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Figure 10: Bundle decision graph
Third-degree price discrimination

In the case of third-degree price discrimination, the company does not possess detailed
information about each individual consumer’s willingness to pay. However, it can segment
customers into groups based on observable characteristics such as age, geographic location, or
socioeconomic status. Once these distinct demand groups are identified, the company applies
differentiated pricing to maximize profits by reducing the surplus in each group.

Price discrimination of this kind can only occur in imperfectly competitive markets, where
the company has sufficient market power to set prices. The optimal point is reached when
MC = MR for each group. Given that the company has a single cost structure, we can
assume that marginal costs are the same across different segments: M C,; = MC,. Therefore,
equilibrium is reached when M Ry = MC and M Ry = MC.

Considering two distinct demand curves, the profit equation can be represented as:

7= [P(Q1) — MC|Q1 + [P2(Q2) — M Q> (16)
Since M C} = My, we can rewrite the marginal revenue equation as a function of elasticity:
1
MR=P(1+ —) 17)

€d

From this, it follows that we can relate M R; to M R,, as both are equal to M C, albeit with
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different quantities:

Pl42) = (14 1) (18)
€1 €9

Where a higher elasticity in absolute terms implies a lower price, and vice versa:
|€2|>|61| = Pbh< P (19)

Finally, the markup (i.e., the gross profit margin that the company adds to the total costs
of the product) applied by the company will be greater for consumers with less elastic demand
since they are less sensitive to price changes:

P —MC 1
= 20
P, o (20)

When implementing this type of discrimination, the company can increase prices only for

the less elastic demand segment to avoid losing a significant number of customers in the more

price-sensitive segment.

2.2.2 Profit maximization through differentiated pricing

As outlined in the definition of price discrimination and explored through the three different
degrees of differentiation, the core objective of differentiated pricing is profit maximization.
This goal is achieved by shifting consumer surplus toward the producer. This transfer occurs by
reducing the gap between the consumer’s willingness to pay and the price set by the company.
For example, in third-degree price discrimination, it becomes clear that segmenting the market
into groups with similar WTP allows the company to propose different prices, bringing each

price closer to the value perceived by each segment, thus reducing their surplus[29].

Price Discrimination (Mzigrgred with Centered Ordinate)
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Figure 11: Third Degree Price Discrimination

By comparing marginal revenues with marginal costs and projecting onto demand curves,

41



the optimal price is determined in accordance with varying elasticities, leading to different
prices for different segments.

Although the methods vary, each pricing strategy contributes to reducing consumer surplus
in favor of the company. This means that these tools can be combined into broader strate-
gies derived from a balanced approach. For example, to maximize profit, companies may use
second-degree price discrimination to establish price levels or bundles, segmenting demand ac-
cording to different willingness to pay (WTP). In addition, they may offer variable consumption
options or apply a two-part pricing model based on these analyses.

The true challenge lies in ethical, communication, and administrative aspects. A company
must maintain a good reputation to remain viable in the long term. Overuse of price discrim-
ination can lead to feelings of injustice[30] among customers, potentially resulting in reduced
revenues. Therefore, it is important to consider the long-term implications of differentiated
pricing strategies. While such strategies may yield higher profits in the short term, they can
influence brand perception and customer loyalty. Practices perceived as unfair or manipula-
tive may damage the company’s reputation, causing a loss of market share. Consequently,
companies must develop strategies that are not only economically efficient but also ethically
sustainable and transparent to consumers.

Moreover, there is a trade-off between efficiency and complexity: implementing and man-
aging too many pricing strategies increases room for error, introduces uncertainty during the
purchase process, and becomes more difficult (and costly) to manage and predict. Companies
must invest in better technology, rapid and effective decision-making processes, and specialized
personnel to manage these complexities. Even large companies, despite having the resources
and the need for efficiency, often prefer to focus on one or a few diverse pricing strategies to

fully exploit their potential.

2.2.3 Future Prospectives and Technology

Predicting the future is complex, both in economic and socio-political terms. Various factors
can influence and alter a company’s decision to adopt differentiated pricing strategies.

Ethical considerations, as discussed earlier, are one such factor that must be taken into ac-
count. While maximizing profits is a positive economic driver because it stimulates investment
and production, which benefits society and fosters systematic growth, eroding consumer surplus
can have negative effects on consumer responses. However, there are also positive ethical impli-
cations: making a product or service accessible to lower-income consumers because wealthier
consumers pay higher prices can be seen as an effective redistribution mechanism. Without
price discrimination, as in perfect competition, lower-income groups might be excluded from
accessing the company’s products or services. Thus, differentiated pricing, in an economic
sense, can also represent personalization and inclusion, offering a broader and more accommo-
dating system for varying needs and utilities.

From a technical standpoint, the adoption of advanced technologies is critical for imple-
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menting differentiated pricing strategies efficiently. Machine learning algorithms can analyze
large volumes of heterogeneous data, identifying patterns and trends that inform pricing deci-
sions. Geolocation can tailor offers based on a consumer’s geographic location, accounting for
factors such as local purchasing power, competition, and cultural preferences. Big Data plays
a crucial role in real-time information processing, enabling companies to respond quickly to
market changes. The increasing speed of data transmission, thanks to advanced network infras-
tructures like 5G, facilitates information exchange and strategy synchronization across different
channels and platforms. This level of digitization enables real-time dynamism in pricing strate-
gies, enhancing a company’s agility and responsiveness.

This advanced technological environment fosters production and innovation because the ad-
ditional economic surplus can be reinvested into research and development, product improve-
ments, and expansion into new markets. However, it also introduces significant risks. Regu-
latory unpredictability is one of the main sources of uncertainty. Privacy laws, data protection
regulations, and competition laws may limit the use of certain pricing practices or restrict ac-
cess to crucial information. Additionally, ethical concerns about algorithm-driven decisions
can lead to regulatory interventions or reputational damage. To address these risks, companies
must develop strong compliance strategies and adopt an ethical approach to using technology.
This includes transparency in pricing practices, adherence to data protection regulations, and
the adoption of ethical principles in artificial intelligence, such as avoiding algorithmic bias and
ensuring fairness in automated decisions.

The evolution of business models is another critical aspect of future prospects. Companies
must be ready to adapt to a rapidly changing environment characterized by new technologies,
shifting consumer preferences, and new forms of competition. Innovative business models, such
as digital platforms, the circular economy, or SaaS services, offer new opportunities but also re-
quire rethinking traditional strategies. Investing in digital skills, adopting agile methodologies,
and fostering a corporate culture of innovation are key elements for remaining competitive. Part-
nerships with other businesses, tech startups, or research institutions can accelerate the adoption

of new technologies and provide access to specialized expertise.

2.3 Application to the SaaS Context

The synergy between the concepts of price discrimination and the SaaS business model per-
fectly aligns with both’s most valuable characteristics. On the one hand, the SaaS model re-
quires structures that can ensure the highest possible profit to sustain growth and mitigate the
market’s volatility and sensitivity. On the other hand, the complexity of price discrimination
is made feasible and simplified by the ability to track necessary differentiation information
through digital behavior monitoring, thanks to technologies such as machine learning.

The integration of these two fields merges methodology with the practicality of financial

and economic needs, allowing machine learning tools to provide the desired insights.

43



2.3.1 Importance of pricing applied to the business type

Revenue management is a fundamental component for the sustainability of a SaaS business.
Adopting price discrimination models optimizes the critical factors already described in the
introduction to this type of business. It enhances efficiency in areas such as revenue maximiza-
tion, increased customer loyalty, optimization of LVC (Lifetime Value of Customer), reduction
of market saturation risk, and continuous innovation.

The power of differentiation techniques provides effective tools to influence these metrics.
The ability to segment the market and propose differentiated pricing helps accumulate scalable

growth without losing any revenue—profits that can be reinvested in innovation.

2.3.2 Differentiated pricing strategies: review

In section 2.1.7, various common pricing options were presented, many of which are already
forms of price discrimination.

Tier-based solutions can be structured under the second-degree discrimination model, where
users self-select a tier to access more or less premium services based on the functionalities they
wish to purchase. In SaaS, pricing communication must clearly convey the value and quality
of these premium features to justify the price increase compared to basic services. With low
marginal costs and overall product provision costs, adding these premium services increases
total profits significantly without substantially raising the cost base, resulting in a significant
difference in MRR (Monthly Recurring Revenue) or ARR (Annual Recurring Revenue).

Implementing multiple solutions simultaneously is also viable and can lead to greater ef-
ficiencies, as long as complexity is managed and kept within a positive ROI. For example, a
freemium model is an excellent way to allocate resources through price division. The entire
market interested in the product can access it, regardless of their demand elasticity. In addition
to economic benefits and higher conversion and engagement probability, the influx of new users
can bring significant value in terms of modern information currency: having access to exten-
sive data allows companies to build better analysis models to structure more targeted offerings.
Likewise, selecting a basic tier can contribute to segmenting and defining demand curves, ap-
plying third-degree price discrimination based on demographics or customizing offers, bundles,
or behavior-based pricing using website usage data.

Identifying users within a specific segment creates a shared value increase mechanism be-
tween the customer and the SaaS. This is especially true when data collection enables the cre-

ation of models capable of dynamically automating these decisions.

2.3.3 Digital Infrastructure and Data Analysis

The technological foundation of the SaaS product allows precise user behavior tracking. Since
the service is exclusively internet-based, it becomes easy to administer surveys, analyze be-

haviors, reviews, purchasing tendencies, and historical data, enriching the company’s databases
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with vast amounts of information. Properly structuring and analyzing these data based on the
required metrics significantly reduces risks and information asymmetry.

Being a digital-based product also means that real-time forecasts can be applied, and auto-
matic or testing systems, such as A/B testing, can be deployed to gather outcomes of different
differentiated strategies. These data can train a machine learning model to recognize new, un-
tracked users and place them into a complex network of segments dynamically and immediately,
based on their behavior while using the software.

For this reason, in the next chapter, the machine learning techniques and algorithms useful
for fulfilling this role will be presented, formalizing the theoretical knowledge that will be used

to build the model in response to the research question.
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3 Machine Learning Approaches and Data Analy-
Sis

From the study of the SaaS business model and the exploration of price discrimination, the im-
portance and necessity of managing large volumes of data and addressing complexities flexibly
and dynamically become clear. Technological advancements enable us to gather and model
these data at such speed that we can track them in real time, while computational capabilities of
computers, replacing human mathematical skills, allow a better approach to complexities with
reduced margins of error—provided there is clarity about what one seeks and how to find it.

Machine Learning (ML) can be summarized precisely in this way: mathematical, proba-
bilistic, and statistical algorithms that guide a computer to find solutions and answers indepen-
dently, rather than by explicitly programming exact instructions. Having a computer capable
of autonomously and rapidly producing complex results, predicting the behavior of new in-
puts never before analyzed, enables a more fluid and dynamic decision-making process, if not
directly automatable: speed and accuracy have become essential in such a competitive and
evolving world.

In this chapter, the technical specifications of data management, analysis, and Machine
Learning algorithms that will be useful in constructing the dynamic price discrimination model

proposed in the research question will be introduced and analyzed.

3.1 Introduction to Machine Learning in the Context of Pric-
ing

It is important to clarify that machines do not learn in the human sense[31]. What Machine
Learning (ML) truly does is identify mathematical formulas that generate the expected output
based on the provided inputs. It is a problem-solving process that, through a large amount of
data, builds a statistical model to reproduce results by detecting patterns during training. In
contrast, when humans learn about the real world, they can reach the same conclusions even
when altering initial conditions or situations. However, changing the inputs given to a computer
results in a drastically different outcome from Machine Learning models. Thus, the term ”"Ma-
chine Learning” can be considered a strategic marketing move by IBM, but it accurately reflects
the binary approach of attempting to replicate human-like thinking.

Although Machine Learning has already been classified as a subset of artificial intelligence,
this distinction alone is insufficient to fully grasp the potential of ML algorithms in the realm
of Revenue Management. It is necessary to delve deeper into its nature to study its approaches
and theoretical foundations, which will help build strategic planning for solving pricing prob-
lems. If Machine Learning is essentially about rigorously solving specific problems, then every

formulation of a different problem will require an algorithm tailored to its unique nature.
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3.1.1 General Introduction to ML

There are various types of learning: supervised, semi-supervised, unsupervised, and reinforce-
ment learning. In this thesis, algorithms from each of these fields will be presented, as it will
be necessary to construct models capable of both identifying hidden patterns in business data
and recognizing known characteristics to effectively manage the segments on which to apply
differentiated pricing strategies.

Supervised learning is an ML approach where the model is trained with a set of input data
and a corresponding set of labeled outputs. Labeling is typically manual or guided by matching
clear input data with certain derived outputs. Training such a model, for example, using lin-
ear regressions, decision trees, or Support Vector Machines (SVM), allows it to predict future
outcomes based on identified inputs.

In a supervised system, the training dataset collects labeled examples {(z;, v;) } Y., where x;
represents the feature vector, and y; represents the corresponding label. In unsupervised learn-
ing, x; remains the feature vector, but the dataset contains unlabeled examples {z;}~ ;. This
means unsupervised learning aims to create a model that transforms the feature vector x into
another vector or value suitable for solving a practical problem. Later in this chapter, clustering
algorithms will be discussed for segmenting various market demands—these clustering algo-
rithms are classified as unsupervised models, transforming the feature vector x into the cluster
ID for each z;.

Semi-supervised models contain both labeled and unlabeled elements in their training datasets,
with unlabeled data typically much more abundant. Labeled elements are crucial for the goal
of feature vector labeling, such as converting user characteristics into predefined labeled cate-
gories. Adding unlabeled features is essential for the algorithm to understand hidden patterns
invisible to the human eye, ultimately improving the model’s results. The combination of these
two models is necessary to understand the objectives and nature of the subsequent analyses.

Reinforcement learning, on the other hand, is a type of learning where an agent interacts
with a dynamic environment, making decisions in response to various situations and receiving
feedback in the form of rewards or penalties. The goal is to maximize total rewards over time.
This method is particularly useful in dynamic and complex contexts where decisions must be
continuously adapted based on market reactions.

Machine Learning is therefore the field of Al focused on data learning: the more ML models
are exposed to data, the better and more precise their performance. Data acts as fuel for the
learning system and plays a central role in model development. Accumulating large quantities
of data enhances the effectiveness of the models, but quantity alone is not enough to improve
performance—data quality, precision, completeness, and clarity are critical to communicate
meaningful information that models use for predictions. This is why the initial stages of the

data pipelinﬂ are so crucial, including data ingestion, collection, cleaning, and transformation

30A structured and sequential process for handling, transforming, and analyzing data
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into formats suitable for model training.

Finally, before diving into the study of models, it is important to understand the significance
of model training in terms of quality and evaluation. As will be further explored, ML algorithms
are driven by parameters and variables that can be modified and are determined during the
development phase. These parameters define how the model operates and processes the data
during training, meaning design errors can render a model ineffective. Overfitting occurs when
a model learns the training data too well, failing to generalize patterns for predicting new data,
while underfitting refers to a model’s inability to even capture the patterns present in the training
data. Evaluating a model’s performance is therefore essential to benefit from its use: measuring
performance quantitatively allows for empirical selection of initial parameters, assessing them
based on accuracy, mean squared error (MSE), precision, recall, and other relevant metrics for

the specific algorithm employed, including business metrics.

3.1.2 Overview of Machine Learning Techniques for Dynamic Pricing

Dynamic pricing, defined as pricing based on real-time data gathered from a SaaS product, is
made possible through the interaction of business economic units with ML algorithms. How-
ever, dynamic pricing in the SaaS context differs from the dynamic pricing found in industries
offering “exclusive” products—where the use of a product prevents others from using it, such
as books sold on Amazon for thousands of euros or flight tickets with fluctuating prices based
on demand. These industries can assign products to those who value them the most.

In SaaS, dynamic pricing must balance the goals of maximizing profit for the company and
ensuring fairness for the user. SaaS products do not have characteristics of exclusivity since they
can be sold and scaled indefinitely. There is no resource scarcity, and any price variation must
be justified by the addition or removal of services. The perception of unfairness can increase
churn rates, which directly contradicts profit-maximization goals.

Although machine learning models are trained on historical datasets, the real objective is to
use them to make predictions on new, unseen data. This is feasible because inputs placed near
each other in the feature spaceEr] tend to produce similar outcomes. In other words, if new real-
time data is classified and positioned near elements for which the model has already learned the
correct output, it can estimate the outcome with a certain probability. This closeness in the data
space allows the model to predict the output of unseen data with varying degrees of probability.

To optimize dynamic pricing using machine learning algorithms, which will be discussed in

detail in subsequent sections, various techniques are grouped into the following subsets:

1. K-means Clustering: Used to segment customers based on observable characteristics such
as income, usage behavior, and churn propensity. This unsupervised algorithm identi-

fies homogeneous groups of customers with similar behaviors, enabling the creation of

3In ML, the feature space is a multidimensional space where input data is mapped based on its features or
attributes.
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personalized pricing strategies for each segment. In a SaaS context, customers can be
grouped into segments with different price sensitivities, facilitating dynamic price dis-

crimination.

2. Inverse Logistic Regression: Applied to estimate the demand curve and model the re-
lationship between price and demand. This approach is useful for predicting how price
variations impact the probability of purchase, helping define optimal price tiers for each

customer segment.

3. Conjoint Analysis: A tool used to determine which product attributes (such as premium
features or additional support) are most relevant to each customer segment[32]. Conjoint
analysis helps understand which factors influence the customer’s perception of value the

most, supporting price variation justification and upselling strategies.

4. Semi-supervised Models: Used to automatically label customers into predefined seg-
ments. These models leverage both labeled and unlabeled data to improve the accuracy
of customer classification in real time. As new data is gathered through A/B testing and
conjoint analysis, the model becomes increasingly precise in predicting customer behav-

ior.

5. ARIMA/Holt-Winters: Time-series models used to predict key SaaS business metrics such
as Annual Recurring Revenue (ARR), churn rate, and Customer Lifetime Value (CLV).
These forecasting models help monitor trends in customer behavior and optimize dynamic

price thresholds based on demand fluctuations or churn risks.

Another important link between machine learning and dynamic pricing is the feature engi-
neering process, which involves extracting and transforming the most relevant variables from
the available data. Data is the fuel that drives the machine learning engine—a well-executed fea-
ture engineering process can significantly improve the model’s effectiveness, enabling a more
accurate representation of user behavior and, consequently, more precise predictions of optimal
prices. The creation of features can be enhanced by dimensionality reduction techniques such as
Principal Component Analysis (PCA), which eliminates redundancies and identifies the most
influential features. For this reason, integrating external data into dynamic pricing models is
crucial: economic trends, competitor pricing, and industry trends directly affect costs, customer

willingness to pay, and the technological innovations demanded by the market.

3.1.3 Analysis of Challenges and Opportunities in Applying ML for Price Discrimination

Applying machine learning for real-time price discrimination in SaaS offers a wide range of op-
portunities but also presents significant challenges. One of the primary issues is scalability over
time: while initially requiring minimal resources, as the user base grows, models must process

data from thousands of users simultaneously and in real time. This necessitates the adoption of
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distributed systems such as cloud computing, capable of handling parallelized inference opera-
tions, which incurs costs beyond those already considered. Reducing latency is crucial—every
pricing decision must be made within milliseconds. Techniques like model compressio can
help improve performance by reducing computational complexity, while cachingﬁ allows for
storing pre-calculated results for frequent scenarios, further speeding up the process.

To maintain model performance over time, continuous monitoring systems are essential.
Models are susceptible to model drifﬂ, which occurs when customer behavior or market con-
ditions change. Monitoring should include not only technical metrics, such as mean squared
error, but also business metrics, such as revenue improvement or conversion rates. Implement-
ing automated retraining strategies allows models to be quickly re-adapted when necessary to
counter diminishing efficacy.

As the user base grows, company structure and decision-making processes also become
more complex. If a company decides to adopt internal dynamic pricing systems, these models
must interact in real time with business platforms via APIs. The models often need to work
alongside business rules (e.g., predefined price limits) to ensure decisions comply with oper-
ational constraints. A continuous feedback mechanism, both automated and human-driven, is
equally essential—customer response data to dynamic pricing must be reintegrated into the
model to improve future performance. Key opportunities arise from using A/B testing and mul-
tivariate optimizatio Machine learning enables testing large-scale price combinations, while
reinforcement learning allows for improving real-time pricing decisions, adapting them based
on user feedback.

Lastly, future opportunities are promising: emerging technologies like deep learning pro-
vide new tools to analyze complex user behaviors and predict their willingness to pay. Feder-
ated learning@ allows for training models without directly collecting user data, complying with
privacy regulations. These innovations, along with approaches like AutoML, offer the potential

to further improve the accuracy and scalability of real-time dynamic pricing models.

3.2 Data and its Analysis

Data is the core of all models, indispensable and important, although not sufficient by itself

to lead to meaningful conclusions. Data provides a wealth of information from which ML

32Technique to reduce the complexity and size of ML models without compromising performance. It is used to
accelerate inference and reduce computational resource consumption.

BTemporary storage of data or results to speed up future operations, especially in repetitive contexts or with
recurring inputs.

34Phenomenon in which the accuracy and effectiveness of an ML model deteriorate over time due to changes in
data, user behavior, or market conditions.

3 A technique that allows for the optimization of multiple variables or parameters simultaneously, balancing
potentially conflicting metrics (e.g., profit, retention, and customer satisfaction) to achieve the best overall business
performance.

36 A decentralized approach to training ML models. It does not require transferring raw data from client devices
to global servers, thus enhancing privacy.
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models, or mathematical, statistical, and probabilistic models in general, extract meaning and
further insights useful for decision making. However, one cannot exist without the other: as
complexity increases, raw data alone can provide a historical description, but it cannot explain
why certain events occurred. Conversely, it is impossible to identify patterns and predict trends
based on new future inputs when there is not enough (or adequate) information and data to
derive such insights.

Data on its own is not enough, and depending on who manipulates and interprets it, it can
lead to different, even biased, results despite the objective premises data analysis promises.
However, the importance of data does not lie solely in its existence but in how it is collected,
prepared, and analyzed. An incomplete or poorly managed data collection can lead to incorrect
conclusions and ineffective models, even with advanced Machine Learning techniques. The
data interpretation process requires a deep understanding of both the business context and the
relationships between the variables considered. Without proper care in the data preprocessing
stage, such as cleaning and processing, the model may suffer from bias or significant errors.

Moreover, the relevance and accuracy of data play a crucial role: a model built on unrep-
resentative or outdated data can lead to erroneous decisions. For example, in dynamic pricing
systems, the use of outdated historical data may reveal past trends that are no longer relevant
and ignore crucial information about current user behavior or market fluctuations. An effective
Machine Learning model must therefore constantly adapt, relying on real-time data to remain
relevant and useful in decision-making.

On the other hand, even with a perfectly curated dataset, it is essential to understand that
analysis methodologies are never entirely immune to interpretative errors or inherent biases.
The initial assumptions made during the model design phase, such as the choice of variables
and analysis techniques, can influence the final results. Some algorithms, especially the more
complex and less interpretable ones, like deep neural networks, can return accurate predictions
but are difficult to explain, creating a potential risk to the transparency and reliability of auto-
mated decisions.

For this reason, the process of analysis and modeling should never be considered static or
definitive. It is essential to continuously monitor and reevaluate models, adapting them to new
data and market conditions. This cyclical approach, known as model retraining, ensures that
decisions based on Machine Learning remain valid over time, reducing the impact of errors due
to unforeseen changes in data or the business context.

Finally, it is important to remember that the collection and interpretation of data must always
be accompanied by a clear understanding of business goals. The proper use of data and models
is not just a technical matter but also requires an aligned business strategy and solid governance
to ensure that the conclusions drawn are genuinely useful for supporting business decisions and

avoiding the pitfalls of data-driven biases.
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3.2.1 Data Pipeline

In the process of analysis and modeling, the data pipeline plays a fundamental role in ensuring
the quality and efficiency of the entire workflow. A well-structured data pipeline allows for
the collection, transformation, and availability of data in an automated and continuous manner,
providing a solid foundation for subsequent analysis and modeling phases. The main stages of
the pipeline are described below, but before addressing them one by one, it is worth pausing to
define what a pipeline actually is.

A pipeline can be defined as a method by which raw data is ingested from multiple sources,
transformed, and then brought into a data store such as a data lake or data warehouse to be
analyzed[33]. Along this path, data is processed with transformation processes such as filter-
ing, aggregation, and masking, ensuring the data is appropriately integrated and standardized
for more accurate analysis. This is even more important when dealing with data destined for
relational databases, where tables communicate with each other and need to find information
with predefined characteristics.

These processes are managed by dedicated professionals such as data scientists or data
engineers, meaning that as the volume of data and the size of the company and user base in-
crease, the cost of maintaining a rigorous data-driven decision-making process also increases.
However, the benefits in terms of efficiency and optimization through ML models are directly
correlated. Additionally, the uses and functions of a properly managed pipeline are numer-
ous and not limited to obtaining clean and organized data: many use cases, especially on the

business side, exploit this information.

1. Exploratory Data Analysis (EDA): used to investigate and analyze the dataset to summa-
rize its main characteristics, often using data visualization methods with dashboards and
graphs. This process is useful for understanding the type of resources available to the
company and for manipulating them to obtain the answers sought to strategic business
questions. It is also useful for discovering patterns, identifying anomalies, and testing
assumptions or hypotheses, often with the help of ML models.

2. Data Visualization: the process by which data is represented using various types of charts
(bar, pie, infographics, etc.), with possible animations, interactions, and everything that
generally helps to represent the complexity of the data in a simple and immediate way,
favoring a better understanding of relationships and results to lead to data-driven decision

making.

3. Machine Learning: once data is ready and standardized, with a known structure and easily
accessible information, ML models can be trained with significant data, leading to results

with fewer errors and anomalies.

If these are some of the many functions that benefit from proper pipeline management, it is

also important to briefly present the steps that compose it, from collection to distribution. The
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data pipeline can be as simple or as complex as needed, but it can generally be summarized in

three main components:

1. Data Ingestion: Data can be collected from various sources (ingestion points) across
the web, from both structured and unstructured data sources. In the SaaS context, these
sources include the SaaS platform itself, tracking user behaviors, choices, and traffic,
cookies, external resources such as competitors or markets (via APIs or web scrapin,
surveys, emails, customer service reports, reviews, CRM platforms, web analytics, or so-
cial media tools, etc. These data are considered raw, making validation processes to check
consistency and accuracy, as well as subsequent cleaning and standardization processes,

essential.

2. Data Transformation: After raw data is collected, it needs to be transformed to become
business-ready. The goal is to clean, merge, and optimize the data in preparation for
subsequent analyses aimed at decision-making. Various data cleaning methods exist,
as well as standardizations, both in metrics (e.g., a specific date format) and structure
(e.g., formats such as J SON@. The transformation components are numerous, such as
augmentation, filtering, grouping, aggregation, sorting, validation, and verification. Once

transformed, the data is ready for use.

3. Data Storage: This final component of the data pipeline refers to how the transformed
data is distributed. This involves choosing where the processed data is made available for
analysis and use. Typically, this means storing them in storage systems such as data lakes
or warehouses so that they can be accessed by data scientists or analysts, but this data
can also be made directly accessible to applications, SaaS platforms, Machine Learning

platforms, or other applications as API endpoints.

These stages ensure proper management of data, keeping it up-to-date and ready for use.
This provides all the necessary information for decision-making, allowing companies to build
analyses or ML models needed: every company must properly manage a pipeline like this to

stay dynamic, agile, and flexible and to respond to market volatility and changes.

3.2.2 Data Preprocessing Techniques Overview

When developing a machine learning algorithm, it is necessary to remove noisy data, missing
values, and non-standard formats. It has already been highlighted that one of the phases of
the data pipeline is Data Transformation, where these steps are carried out to make the data
business-ready. However, the data pipeline is a broader concept compared to preprocessing,

which can be part of the Machine Learning Pipeline, discussed later. In fact, data preprocessing

37 A method of extracting information, e.g., from a website’s HTML, to store it in a database.
3BA textual format for structuring data that transforms complex structures into a format easily readable by
machines and humans.
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can be configured within many different data analyses, whether for data to be stored or for
data specifically sought for analysis in a model, as in this thesis. Without precise and valuable
information, any analysis will be flawed and unusable.

Several characteristics can make data unusable or devoid of information, and this section
outlines the various methods and techniques applied during data preprocessing to correct these
erroneous characteristics[|34]. The approach is linear, or rather progressive: treating a certain
type of problem is possible only if a previous problem has been solved, so it proceeds step-by-
step in an orderly path from raw data to standardized and usable data.

The first step in this direction is handling missing values. It’s possible that, when collecting
data, certain fields related to the same ID may be empty or missing, resulting in a lack of
information that could render all other data collected under that ID unusable. You can choose
whether to completely remove that row of data (whether it’s a database, CSV, or other formats),
or arbitrarily assign values based on the rest of the data, using an average or median. However,
it is risky to apply an average/median without considering other factors first, as there may be
outliers (anomalous data) that are significantly larger or smaller than the median, leading to an
excessive deviation that makes these extreme values less meaningful for the analysis of more
realistic probabilities.

The next step after handling missing values is managing outliers or anomalous values. These
represent data that deviates significantly from the rest of the dataset. Outliers can negatively
influence predictive models by distorting statistical analyses, averages, and other centralized
measures. One technique for handling outliers is "winsorization,” which limits extreme values
to the highest or lowest percentiles, making them less influential. Another technique is replacing
outliers with the median, as the median is less sensitive to extremes than the mean.

After handling outliers, the process moves to “feature scaling” or data normalization. Vari-
ables in a dataset often have different scales, making interpretation or comparison difficult.
Normalization through techniques like the ”Standard Scaler” (which brings data to a distribu-
tion with a mean of O and a standard deviation of 1) or the "Min-Max Scaler” (which scales
values within a predetermined range, typically between 0 and 1) is essential, especially in mod-
els that depend on distances between data points, such as K-nearest neighbors or clustering
algorithms.

A critical aspect of preprocessing is handling multicollinearity, which occurs when there
are strong correlations between independent variables. This phenomenon can negatively affect
regression models by increasing the variance of coefficients and making it difficult to interpret
the importance of variables. To address this problem, correlated features can be removed, or the
”variance inflation factor (VIF)” can be used to measure how much an independent variable is
influenced by others.

Finally, there is the process of “feature encoding,” which is crucial for transforming cate-
gorical variables into a numerical format usable by machine learning algorithms. The two main

techniques are “label encoding,” which assigns a unique integer to each category, and “one-hot

54



encoding,” which creates a new binary column for each category, indicating its presence with 1
or 0.

It’s important to note that these steps are not strictly executed once and then processed: the
various phases may repeat to bring the manipulation to higher levels of standardization and
cleaning. For example, it was mentioned that averaging data during the handling of missing
data may vary depending on outliers. The averaging process can be readjusted after cleaning
out anomalous values, allowing for the recalculation of the average without the obstacle of

extreme values distorting the approximation.

3.2.3 Statistical, Mathematical, and Probabilistic Tools

Mathematical, statistical, and probabilistic tools play a key role during the data processing
phase[35]. However, the benefits of these fields of study extend to machine learning models
and all types of data interpretation analysis. This is because, fundamentally, every machine
learning model is guided by principles derived from these disciplines, transforming abstract
concepts into concrete tools for understanding data complexity.

Mathematics primarily provides the structural basis for the models. Every algorithm—whether
it’s linear regression, decision trees, neural networks, or support vector machines—is founded
on mathematical equations that describe the relationships between variables. For example, a
simple linear regression model is based on the equation y = max + ¢, where y represents the
dependent variable, x is the independent variable, m is the slope (which measures the incline of
the line), and c is the intercept. These mathematical components serve to model relationships
between variables and make predictions, but without a grasp of basic mathematics, interpreting
these models becomes impossible.

Statistics, on the other hand, focuses on understanding and analyzing data, allowing us to
precisely define trends, distributions, and correlations between variables. Descriptive statistics,
for instance, help summarize data using measures of central tendency (mean, median, mode)
and dispersion (variance, standard deviation), which are essential for understanding the behav-
ior of the dataset. Inferential statistics, on the other hand, allow us to make deductions and
predictions about an entire population based on a sample, using concepts such as confidence
intervals and hypothesis testing. These tools are crucial for verifying whether our assumptions
about the data are valid.

Probability theory plays a critical role in understanding uncertainty in models. Every pre-
diction made by a machine learning model is never completely certain but rather an estimate
based on probabilities. This concept is central, for instance, in Bayesian models, where the
probability of an event is continuously updated in light of new evidence (via Bayes’ theorem).
Even in less explicitly probabilistic models, like neural networks, uncertainty remains a key
factor: final results can be accompanied by a probability indicating how confident the model is
in its prediction. Decision trees, when evaluating choices at each node, use probabilistic metrics

like entropy or information gain to determine which variable is most useful for making a correct
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prediction.

The importance of these mathematical and probabilistic tools extends beyond data analysis
and model construction. They also help us evaluate model performance through metrics such as
accuracy, precision, recall, and the ROC curve. These measures derive directly from statistical
and probabilistic concepts, allowing us to compare different models and select the one that best
fits the problem at hand.

It is crucial to understand that choosing and implementing a machine learning algorithm is
not a simple mechanical application. Every model has underlying assumptions, often derived
from statistical concepts, that must be understood in order to use the algorithm correctly. For
instance, in linear regression models, it’s assumed that there is a linear relationship between
the dependent and independent variables and that the errors are normally distributed. If these

assumptions are not met, the model may provide inaccurate or even misleading results.

3.3 Predictive Models for Price Optimization

For price optimization, after giving an overview of what machine learning is and the importance
of data, it’s crucial to clarify which ML algorithms can be used.

Algorithms are widely discussed, both in everyday life and in development and analysis.
In this very paragraph, the importance of applying ML algorithms for the development of the
thesis has been briefly mentioned, but what exactly is an algorithm? An algorithm is nothing
more than a method, procedure, or rule—in other words, a process that solves a specific problem
through a finite number of elementary steps[36]]. It takes its name from the Arab mathematician
Al—Khwarizm whose texts presented the mathematical procedures translated by Fibonacci.
These mathematical resolutions—essentially procedures to obtain a calculated result—are now
called algorithms, as they were referred to with the phrase “dixit algoritzmi” (Al-Khwarizmi
said so).

These finite steps can be as simple as solving a division on paper or as complex as managing
a financial market or Al-based LLMs. In this thesis, algorithms, through a known and developed
process by their creators (but more often based on well-established statistical and probabilistic
properties), can extract from large datasets the necessary coefficients, weights, and patterns
needed to understand the properties and behaviors leading to various possible outcomes. For
instance, if certain behaviors from users lead to churn, it is possible to predict a user’s churn
before it occurs by recognizing behavior patterns similar to the training set data on which these
algorithms were trained to produce models.

Algorithms, therefore, become the mathematical foundation for predicting results. They
require certain parameters, and in the course of this paragraph, we will explore data and fea-

ture engineering designed to identify the best parameters and data so that the model—through

3 An Arab mathematician from the 9th century whose writings introduced the Indian numeral system, including
zero.
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training—can successfully complete its task, such as clustering or forecasting.
Before looking at the algorithms with a focus on price discrimination, we can start by an-
alyzing the pipeline that characterizes the progress of an ML project, and then explore each

approach in depth.

3.3.1 Machine Learning Pipeline

A Machine Learning Pipeline is a set of interconnected steps that automate and simplify the
process of building, training, evaluating, and deploying machine learning models. This tool is
fundamental for managing the complexity of models and ensuring precise and scalable solu-
tions. The modular flow of a pipeline allows each phase of the process to be broken down into
separate blocks, simplifying management and optimization[37]. For instance, data preprocess-
ing, feature selection, and model training can be developed and tested independently, reducing
the risk of errors and enabling rapid iterations.

A significant advantage of pipelines is reproducibility. By defining the steps and parameters
within the pipeline, the process can be recreated exactly at any time. This is essential for
achieving consistent results, especially in production environments. Additionally, pipelines
improve efficiency by automating critical steps such as data cleaning and transformation, saving
time and resources. As the complexity of data or models increases, pipelines can be easily

scaled without needing to reconfigure every step from scratch.

1. Preprocessing: During this phase, data is cleaned by removing missing values, encoding
categorical variables, and scaling numerical features. These steps are fundamental to

ensuring the model can work with consistent and structured data.

2. Feature Engineering: Once preprocessing is completed, the next step is feature engineer-
ing, which represents the core of model optimization. Here, the most relevant variables
are selected, or if necessary, new features are created to improve the model’s predictive
capability. This step requires a deep understanding of the domain and can make the dif-

ference between a high-performing model and an ineffective one.

3. Model Selection: After preparing the data, model selection begins. Depending on the type
of problem (classification, regression, clustering, etc.) and the dataset’s characteristics,
one or more algorithms are chosen. This is where hyperparameter optimization plays a

key role, allowing the model to be tailored to the problem’s specifics.

4. Model Training: Once the model is selected, the next step is training, where the model
learns from the training data. Here, the model identifies hidden patterns and relationships
in the data, which it will use to make predictions. This step is critical to the model’s
success, but it requires time and computational resources, especially for complex models

or large datasets.
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5. Model Evaluation: After training, the model is evaluated using a set of metrics that vary
depending on the problem being addressed. Metrics such as accuracy, precision, recall, or
F1-score help assess how well the model is making predictions. In some cases, techniques

like cross-validation are used to ensure the model generalizes well to unseen data.

6. Deployment: Once validated, the model is ready for deployment. This step involves
integrating the model into production environments where it can make predictions on
new data. In some cases, the pipeline also includes creating API endpoints, which allow

external systems to interact with the model to obtain real-time results.

7. Monitoring and Maintenance: The work doesn’t stop after deployment. Once in pro-
duction, the model must be continuously monitored to ensure it functions correctly over
time. As data and external conditions change, it may be necessary to retrain or update the

model to maintain high performance.

Beyond modularity and efficiency, pipelines also facilitate collaboration among teams. Each
step in the flow is well documented, allowing data scientists and engineers to work in synergy
without needing to revise the entire process. Changes can be tracked and versioned, ensuring
accurate management of the model’s lifecycle. A Machine Learning pipeline not only automates
and streamlines the process but also improves scalability, reproducibility, and collaboration,

transforming model development into an orderly and reliable workflow.

3.3.2 C(lustering, K-Means and DBSCAN

Until now, much has been said about clustering algorithms, without specifying the technical
implications of this approach. Beyond its common literal meaning, in the world of machine
learning, the term clustering is used to define those learning problems that assign labels to
examples by leveraging unlabelled datasets. It falls within the realm of unsupervised learning,
where, since the datasets are completely unlabelled, finding the optimal choice becomes more
complicated compared to supervised learning categorizations, like the random forest algorithm.
In fact, in unsupervised learning, there is a variety of clustering algorithms, and it’s challenging
to understand which is the best for each use case. For the purposes of this thesis, and referring
to the most commonly used algorithms, it is important to delve into two algorithms with two
different approaches: k-means and DBSCAN[38]].

The k-means algorithm requires specifying a parameter k, which represents the number of
clusters (or classes). Then, k random feature vectors called centroids are assigned within the
feature space. When computing the distance from each example x in the dataset to these cen-
troids (using metrics like Euclidean distance), each example is assigned to a specific centroid,
namely the nearest one. In this way, by choosing the number of centroids, all the different
examples will be classified as belonging to a given group: the one closest to that particular

centroid. It is an iterative algorithm that continues until the clustering objective is achieved.
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However, it is precisely this characteristic of arbitrarily assigning the number k that can be lim-
iting, unlike what happens in the DBSCAN algorithm. Before delving into this other approach,
it is important to explore how to determine the optimal number of clusters, especially for this
type of algorithm that requires defining the number in advance. One can certainly understand
it intuitively without “over-engineering” it. In fact, it is often possible to grasp, logically or
structurally, the different groups into which various datasets are divided, while other times, an
appropriate data analysis can reveal the relationships within the data with graphs that highlight
the presence of well-defined clusters. However, in this case, a more formal method is preferred:
the elbow method.

This method uses a graphical strategy to show the optimal choice of cluster number. The el-
bow graph shows the within-cluster-sum-of-square (WCSS) values on the y-axis corresponding
to the different values of K (on the x-axis). Where, graphically, the curve increases its slope,
forming an “elbow shape,” that is the optimal number of clusters to choose for the k-means
algorithm. It works because it calculates this WCSS, which is the total of the squared distances
between data points and their cluster center. There are certainly more precise algorithms, like
the silhouette score, which determines whether there are large gaps between each sample and
all other samples within the same cluster or across different clusters. However, later on in this
thesis, the elbow method will be used as it clearly shows a fair number of clusters, also aligned
with the marketing and economic needs of the SaaS business.

Finally, it is also worth examining DBSCAN, which, unlike k-means, is not a centroid-based
algorithm. In fact, DBSCAN is a density-based algorithm, meaning that instead of guessing
how many clusters are needed, this algorithm requires defining two types of hyperparameters:
e and n DBSCAN begins by selecting an arbitrary point in the dataset and checks whether it
is a core point by looking at its e-neighborhood. If it is a core point, a cluster is formed, and
DBSCAN recursively expands the cluster by checking the e-neighborhood of each core point’s
neighbors. This process continues until no more points can be added to the cluster. If a point is
not a core point and not a neighbor of a core point, it is marked as noise (although it may later
be reassigned to a different cluster if it falls within the neighborhood of another core point).

One of the strengths of DBSCAN is its ability to automatically detect the number of clus-
ters, as opposed to k-means, where this number must be predefined. It also performs well in
discovering clusters of varying shapes, such as elongated or irregular structures, which k-means
cannot handle as effectively.

However, DBSCAN does have some limitations. Its performance can suffer when the data
density varies significantly across the dataset because the fixed value of ¢ may not work well
in regions of different densities. Additionally, determining the optimal values of € and n can
be challenging, especially when dealing with real-world datasets where the structure is not well

known in advance.
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3.3.3 Forecasting with Linear and Logistic Regression

After identifying the different clusters, given a dataset, it becomes possible to leverage its com-
ponents to solve prediction problems. These problems are known as Regression problems,
which, unlike classification problems, involve predicting a real-valued label (called a target)
given an unlabelled example. This regression problem is addressed by a regression learning
algorithm—an algorithm that takes a collection of labelled examples as inputs and produces a
model. This model then takes new, unlabelled examples as inputs and returns an output based
on the patterns discovered during training[39].

There are two main types of regression: linear and logistic. Linear regression follows a
Gaussian normal distribution, represented by a continuous line on a graph, while logistic re-
gression follows a binomial distribution, returning a probabilistic classification between zero
and one. As can be observed, the term “regression” is inherited from statistical theory, though it
is essentially a classification algorithm. Nevertheless, both linear and logistic regression models
are widely used and will be applied within this thesis as well. They are powerful algorithms for
building predictive models and serve as foundational models for constructing further decision-
making systems.

Linear regression is a foundational regression algorithm designed to make predictions based
on the linear relationship between input features and a real-valued target. When we have a col-
lection of labeled examples, {(z;,y;) })v,, where each z; is a D-dimensional vector of features
and y; is a real-valued target, linear regression aims to approximate ¥; as a weighted sum of the
features in z;, adding a constant term for flexibility.

The model for linear regression can be represented as:

fop(@) =w-x+0b

where w is a D-dimensional vector of weights (parameters), and b is a bias term. The model
learns to adjust w and b so that predictions closely match the real values y in the dataset.

To find the optimal w and b, linear regression minimizes the difference between the predicted
values and the actual target values. This difference, called the loss, is typically measured using

the mean squared error (MSE):

1 N

MSE = — ;(fw,b(xi) — i)

Minimizing this error ensures that the model’s predictions are as close as possible to the real
values in the dataset, effectively finding the line (or hyperplane for higher-dimensional data)
that best fits the data.

The optimization process to minimize MSE uses gradient descent, which iteratively adjusts
w and b by calculating the gradient of MSE with respect to these parameters. This approach is
computationally efficient, allowing linear regression to scale well for large datasets.
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Linear regression is favoured for its simplicity and interpretability, providing straightfor-
ward insights into the relationship between variables. It also has a low tendency to overfit,
which means it performs reliably even on unseen data. Thus, linear regression becomes a ro-
bust choice in machine learning tasks focused on predictive modeling and will serve as a foun-
dational approach in this thesis for constructing further predictive and decision-making models.

Logistic regression is a foundational classification algorithm, despite its name, which sug-
gests it’s a regression method. The name originates from statistics, as the mathematical for-
mulation of logistic regression is similar to that of linear regression. In logistic regression, we
apply it to a binary classification problem, though it can be extended to multiclass cases as well.

To frame the problem, in logistic regression we want to model y; as a function of x;, where
y; takes on binary values (e.g., 0 or 1). A linear combination, such as w - x; + b, spans from
minus infinity to plus infinity, which doesn’t directly map to binary values. Instead, we use a
sigmoid function, also known as the logistic function, which outputs values in the interval (0,

1). This function is defined as:

f) =

where e is the base of the natural logarithm. This function gives us a probability, enabling

us to classify x as positive if f(z) is closer to 1, and negative if closer to 0. We adjust the linear

model to fit within the logistic function:

Jup(x) = m

where w is a vector of weights and b is the bias term. By interpreting f, ,(x) as the proba-
bility of y being 1 given z, we obtain a probabilistic model suitable for classification.

To find the optimal values of w and b, logistic regression maximizes the likelihood of the
observed data instead of minimizing a squared error as in linear regression. The likelihood
function represents the probability of observing the training set labels under the model, defined

as:

N
Ly = [T Fuoaw)(1 = Fup(ws))' >
=1

This expression can seem complex, but it essentially means we use f,,(z;) when y; = 1
and 1 — f,5(x;) when y; = 0.
In practice, to simplify calculations, we maximize the log-likelihood, which is the natural

logarithm of the likelihood function:

N

LogLup = Y [y In(fuwp(2:) + (1= 4:) In(1 = fup(x:))]

=1

Since the logarithm function is monotonically increasing, maximizing the log-likelihood is
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equivalent to maximizing the likelihood itself.
Unlike linear regression, there’s no closed-form solution for this optimization problem. In-
stead, we rely on gradient descent or similar iterative optimization methods to adjust w and b

until we find the optimal parameters, allowing logistic regression to classify data accurately.

3.3.4 Time series Algorithms: ARIMA and Holt-Winter

Sometimes, data inherited from various pipelines holds its importance depending on the tem-
poral information it incorporates and conveys. Indeed, although certain absolute values can be
used to predict a response, it is not always the value itself that determines a specific outcome,
but rather the trend by which that value is reached and any seasonal patterns that justify it. For
example, low but increasing numbers describe a growth trend and potentially an increase in
the measured value or metric. At the same time, much higher values that are declining might
represent more negative outcomes than the previous case. Moreover, predicting and managing
seasonality is essential for obtaining a forecast that is free from confusing elements: a negative
trend occurring during a seasonal period could simply be symptomatic and structural rather than
purely negative for calculating the metric.

Later in the thesis, the use of two specific models will be considered to address these types
of issues: ARIMA, a time series algorithm that combines an autoregressive component with a
moving average component, and Holt-Winters, an algorithm that divides the time series into dif-
ferent parts to detect seasonality and then reassembles these parts to reveal trends. An ARIMA
forecast may sometimes appear rather ’plain” as it often results in a straight line without evident
fluctuations. This outcome is, however, the optimal fit for the underlying mathematical model.
Conversely, Holt-Winters produces forecasts that tend to more closely resemble the original
data, particularly when there is a marked seasonal pattern (e.g., daily, weekly, or monthly).
This quality can be helpful when interpreting or presenting the model, yet it may also introduce
a degree of deception, as it visually aligns more closely with observed data but may not always
improve predictive accuracy. In general, ARIMA is an excellent starting point. However, if
there is reason to believe in a repeating pattern within the data (often based on knowledge of
the actual processes driving it), Holt-Winters might provide better results by capturing these
cyclic variations more effectively. ARIMA, or Autoregressive Integrated Moving Average, is a
forecasting model that provides insights into time series data, especially when there’s autocorre-
lation, meaning that data points are interdependent over time. The model consists of three main
components—autoregression (AR), integration (1), and moving average (MA)—which together
capture different aspects of the time-dependent behavior in the series.

To begin with, ARIMA models are defined by three parameters, (p, d, ¢), which determine
the nature of the model[40]. The autoregressive (AR) component captures the relationship
between the current value and its previous values. An autoregressive model of order p represents

the value y; as a weighted sum of p past observations:
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y=c+ Y iite

i=1

where c is a constant, ¢; are autoregressive parameters, and ¢, represents the residual error,
or “white noise.” The integration (I) term, indicated by d, reflects the number of differences
taken to make a non-stationary time series stationary. In other words, differencing helps to
eliminate trends and seasonality by examining the change between consecutive values. For
example, a first difference, y, — y;_1, stabilizes the mean by removing trends in the data. The
moving average (MA) component uses past forecast errors to smooth the time series. An MA
model of order g represents y; as a function of past error terms, where 6; are the moving average

parameters:

q
Y =cC+ ZQjet_j + €
j=1
Bringing these components together, an ARIMA model with parameters (p, d, ¢) combines
the autoregressive term, differencing (integration), and moving average term to produce a model
for y, that accounts for the structure within the time series. The general form of ARIMA can

thus be written as:

p q
Y =c—+ Z GilYfi—i + Z Oje—j + &
i=1 j=1

where ¢; and 6; are model parameters, and the model incorporates differencing based on
the order d. ARIMA is particularly useful for time series without clear seasonal patterns, as
it models underlying trends and periodicities in data. When seasonal patterns are evident, the
model can be extended to Seasonal ARIMA (SARIMA), adding additional parameters to handle
periodic trends. ARIMA’s main strength lies in its ability to produce stable, long-term forecasts,
often yielding a straight-line forecast that reflects the best statistical fit for the data, even if it
may appear overly simplistic.

While ARIMA is highly effective for non-seasonal data, when the series displays significant
seasonality, the Holt-Winters model, also known as Triple Exponential Smoothing, becomes a
valuable alternative. This model decomposes a time series into three main components—I/evel,
trend, and seasonality—and is particularly suited for capturing patterns that repeat over fixed
periods (e.g., daily, weekly, or monthly).

The Holt-Winters model can be represented in two variations: additive and multiplicative,
depending on the nature of the seasonal patterns[41]]. Additive models are suitable for series
with seasonality that remains relatively constant over time, while multiplicative models are
more appropriate when the amplitude of seasonality increases or decreases with the level of the

series. In its basic form, the additive Holt-Winters model is defined as follows:
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1. Level equation: The level [; at time ¢ is updated by smoothing the current observation vy,

adjusting for both the trend b;_; and seasonality s;_,,:
I = oy — se—m) + (1 — a)(li—1 + be—1)

where « is the smoothing parameter for the level, and m represents the seasonal period.

2. Trend equation: The trend b, represents the change in the level over time and is updated

as:
by = B(ly — lLi—1) + (1 = B)bi—4

where [ is the smoothing parameter for the trend.

3. Seasonality equation: The seasonal component s; captures repeating patterns and is up-
dated as:

s =y — Ly — be—1) + (1 = 7)St—m

where 7 is the smoothing parameter for seasonality. The forecast at a future time ¢ + h is

then given by:

Yern = le + hby + St h—m(kt1)

where k represents the number of completed seasonal cycles within the forecast horizon.
For data where the seasonal pattern is multiplicative, the model adapts by multiplying

rather than adding the seasonal component, as seen in the multiplicative form:

Yt

St—m

lt = + (1 — Oé)(lt_l + bt—l)

Holt-Winters is particularly valuable when seasonal patterns are expected to continue and
the goal is to capture both trend and cyclic patterns accurately. By breaking down the series
into these distinct components, the Holt-Winters model provides a forecast that not only aligns
closely with past seasonality but also projects how the trend and seasonal patterns might evolve,

making it well-suited for more dynamic, interpretable forecasts.

3.4 Sentiment Analysis and NLP

Natural Language Processing, or NLP, is a field within artificial intelligence that focuses on
enabling computers to understand, interpret, and generate human language[42]. Through NLP,
machines can process large volumes of textual data by identifying patterns, extracting informa-
tion, and performing tasks such as translation, summarization, and language generation. NLP
leverages various linguistic and statistical methods to parse and comprehend language in a way

that allows for effective interaction between humans and computers.
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Within NLP, sentiment analysis is a specialized area dedicated to identifying the emotional
tone or sentiment expressed within text[43]]. This process involves determining whether a piece
of text, such as a review or social media post, conveys positive, negative, or neutral sentiments.
By analyzing patterns in word choice, syntax, and context, sentiment analysis allows us to
assess the underlying emotions and attitudes within a dataset, giving insight into how users feel
about a product, topic, or event.

The significance of sentiment analysis in Al-driven prediction lies in its ability to enrich
decision-making models with nuanced human reactions and opinions. By quantifying emotions
and attitudes, sentiment analysis transforms subjective text data into structured information that
can be used to predict trends, detect shifts in public opinion, and support marketing or customer
service strategies. Integrating sentiment analysis into AI models thus allows for predictions that
consider both quantitative data and qualitative insights from user feedback.

While both NLP and machine learning involve pattern recognition, they diverge in their
foundational approaches. NLP specifically focuses on language structure and semantic under-
standing, relying heavily on linguistics and symbolic processing to interpret language nuances.
In contrast, traditional machine learning (ML) operates primarily on numerical data, identifying
patterns through statistical models without an inherent understanding of language or context.
Therefore, while ML can learn from structured datasets, NLP adds the layer necessary for ma-
chines to grasp the complexities of human language, making it essential for tasks that involve
interpreting text.

However, the rise of large language models (LLMs) has the potential to shift this landscape,
as they may render traditional NLP techniques and sentiment analysis frameworks less critical.
LLMs, with their vast neural network architectures and extensive training on diverse language
data, can generate human-like text and respond to queries with a sophisticated understanding of
context and sentiment. By using LLMs, it becomes possible to bypass traditional NLP pipelines,
as these models can perform a wide range of language tasks, from sentiment classification to
language generation, with minimal additional training. This adaptability allows LLMs to re-
place multiple specialized NLP components, simplifying workflows and enabling more flexible

and comprehensive text analysis in Al systems.

3.4.1 Introduction to Natural Language Processing for User Reviews and Feedback Anal-

ysis

Natural Language Processing, or NLP, plays a crucial role in extracting meaningful insights
from user-generated content, particularly for understanding engagement levels through reviews,
forum interactions, and other feedback. By analyzing textual data, NLP techniques can quantify
user satisfaction, identify recurring themes, and reveal engagement patterns, providing struc-
tured insights that can be stored in a database for continuous monitoring and improvement of
the service.

In the context of user reviews, NLP techniques like sentiment analysis and topic model-
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ing allow us to categorize feedback by emotional tone (e.g., positive, negative, neutral) and to
identify the specific aspects of the service users discuss most frequently. For example, a user’s
review indicating satisfaction with the “ease of use” or dissatisfaction with ’response time” can
be flagged and categorized accordingly. Storing these insights enables tracking engagement
metrics over time, such as trends in satisfaction with specific features or common pain points.
Each processed review is represented as a set of structured values in the database, including sen-
timent scores, topics mentioned, and overall engagement indicators, which collectively serve as
a valuable metric for evaluating the user experience.

Forum interactions provide another dimension of user engagement data if this kind of ser-
vice has been adopted by a SaaS. Here, NLP techniques like entity recognition and frequency
analysis can detect high-engagement topics, influential users, and common concerns within
community discussions. For instance, entity recognition might identify specific product fea-
tures or service aspects discussed repeatedly, while frequency analysis can highlight popular or
controversial topics. By storing engagement metrics—such as the number of posts, keywords
associated with engagement, and the overall sentiment of user interactions—in a database, it
becomes possible to gauge not only individual user satisfaction but also the overall sentiment
of the community.

To implement this process, an automated NLP pipeline can be developed to continuously
analyze new reviews and forum posts. Key steps in this pipeline might include text preprocess-
ing (such as tokenization and normalization), sentiment scoring, and topic extraction. Once
processed, each piece of feedback is assigned a series of engagement metrics (e.g., sentiment
score, sentiment trends over time, key topics, and response rates) and stored in a structured
database. This database serves as a foundation for monitoring user engagement trends and pro-
vides actionable insights, allowing for timely responses to issues and the enhancement of user
satisfaction with the service.

A sentiment analysis score provides a valuable metric for monitoring user engagement by
quantifying the emotional tone within user feedback. This score can serve as an early indicator
of a user’s satisfaction or dissatisfaction, enabling the prediction of churn likelihood. By iden-
tifying users with consistently low sentiment scores, it becomes possible to proactively adjust
pricing or offer incentives aimed at reducing churn risk through targeted price discrimination,
thus potentially lowering their probability of leaving the service.

However, relying solely on sentiment analysis can introduce limitations, as users might in-
tentionally manipulate feedback to achieve discounts or lower prices. For instance, a user could
submit negative reviews or express dissatisfaction in hopes of triggering favorable pricing ad-
justments. To mitigate this, sentiment analysis should be complemented with additional met-
rics, such as usage patterns, response to prior discounts (e.g., seasonal promotions like Black
Friday), and interaction frequency. By integrating these metrics alongside sentiment scores, a
more holistic and robust model of user engagement can be constructed, reducing the risk of ma-

nipulation and enhancing the accuracy of pricing strategies tailored to retain users effectively.

66



3.4.2 Building Sentiment Analysis Models to Influence Pricing Decisions

Building a sentiment analysis model to support pricing decisions involves training an algorithm
to categorize user feedback into structured sentiment scores, which can then inform targeted
pricing strategies. In this hands-on approach, we use supervised machine learning, leveraging a
dataset of labeled user reviews or interactions that reflect varying sentiment levels (e.g., positive,
negative, neutral). Through training, the model learns to associate specific textual features with

sentiment labels, enabling it to classify new feedback accordingly.

1. Text Preprocessing and Feature Extraction:

To prepare textual data for sentiment analysis, we first preprocess the text, a step that
involves tokenizing the text into individual words or phrases, removing stop words (com-
mon words with limited meaning, such as ”the” or ”and”), and applying stemming or
lemmatization to reduce words to their base forms. We may also employ n-grams to
capture sequences of words that often convey sentiment, such as "highly recommended”
or ’very disappointed.” The processed text is then transformed into numerical features.
Common methods for this include Bag of Words (BoW) and Term Frequency-Inverse Doc-
ument Frequency (TF-IDF):

N
TF-IDF = TF, ; - log <ﬁ)

i
where TF, ; is the term frequency of word 7 in document j, IV is the total number of doc-
uments, and DF; is the document frequency of word i. TF-IDF weights terms that are
frequent in a particular document but rare across all documents, helping capture signifi-

cant words associated with sentiment.

2. Model Selection and Training:
For sentiment analysis, a variety of algorithms can be employed, each with distinct strengths
depending on the complexity of the text and available resources. A commonly used al-
gorithm is Naive Bayes, which applies Bayes’ Theorem to calculate the probability of a

sentiment class given the observed words:

P(text|sentiment) - P(sentiment)

P(sentiment|text) = Pltext)
ex

This model is computationally efficient and interpretable, making it suitable for baseline
sentiment analysis. For more nuanced models, Support Vector Machines (SVM) or Neural
Networks like Recurrent Neural Networks (RNNs) can be used to capture context and
complex dependencies in the text. The model is trained by minimizing a loss function

that quantifies the error between predicted and actual sentiment labels. For example, in
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the case of binary sentiment classification, we can use binary cross-entropy loss:

1

N
Loss = ——
0ss N (

yilog(g:) + (1 — i) log(1 — 7))

i=1
where y; represents the true sentiment label, and ; is the predicted probability of that
label.

3. Calculating Sentiment Scores and Integrating with Pricing Models:

Once the model is trained, it can classify new reviews and interactions, assigning a sen-
timent score to each. This score, typically on a scale from -1 (negative) to +1 (positive),
quantifies the user’s satisfaction and can be stored as a feature in the user’s engagement
profile. By tracking these sentiment scores over time, we obtain a dynamic view of user
satisfaction that can trigger pricing adjustments. To integrate sentiment analysis with
pricing, a simple price adjustment model might employ a rule-based system, for exam-
ple:

Priceney = Pricepsse X (1 — « - sentiment score)

where « 1s a sensitivity factor that determines how much influence sentiment has on the
pricing strategy. In this way, users with lower sentiment scores may be offered discounts

to reduce churn risk, while highly satisfied users maintain the base price.

4. Avoiding Manipulation and Enhancing Robustness:
To reduce the risk of manipulation, we can integrate additional metrics like usage fre-
quency, historical discount response, and seasonal purchasing patterns alongside senti-

ment scores. For instance, a weighted combination approach could be applied:
Engagement Score = 3, - sentiment score 4 3 - usage frequency + 33 - discount response

where (1, 2, and (3 are weights assigned to each metric. This multidimensional en-
gagement score helps ensure that pricing decisions are based on a balanced view of user
activity, minimizing the effect of sentiment manipulation while providing a more accurate

assessment of churn risk.

At the end of this process, it is possible to obtain a comprehensive Engagement Score for
each user, built by combining the sentiment analysis score with key metrics such as usage
frequency, response to previous discounts, and seasonal patterns. This score provides an overall
measure of user engagement and churn probability.

With this Engagement Score, it becomes possible to implement a targeted price discrimi-
nation strategy, offering personalized incentives or pricing adjustments to reduce the likelihood
of churn for at-risk users. This system enables dynamic monitoring of user satisfaction and

proactive interventions to enhance retention.
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4 Model Development and Simulation

In this chapter, after spending time outlining the theoretical framework, the focus will shift
to the practical construction of the models necessary for investigating the research question.
Indeed, considering the structure of a SaaS product, the challenges, and the key metrics re-
quired by companies in the short and long term, and having deeply examined industrial, mi-
croeconomic theory, monopolistic competition markets, and price differentiation through the
application of price discrimination, this chapter will embody all this theoretical foundation in a
practical project through the development of Machine Learning algorithms.

Mathematically and statistically, the models will follow the theory approached in the pre-
vious chapter. Specifically, the results will be made visible through computational calculation,
driven by programming. The chosen language is Python, a programming language that is easily
understandable (given its syntax, which is similar to English) but whose commands and libraries
are particularly effective in the field of Machine Learning, making it the most used language in
this field and in real-world markets.

Therefore, this thesis aims to present a practical model that can be effectively used in the

study of the SaaS domain.

4.1 Introduction

Recalling the research question, how can Machine Learning be employed to find appropriate
price discrimination techniques for a SaaS business model? With a clear understanding of these
three macro concepts and the intersections they develop among themselves, the practical task of
identifying the models that most effectively support business decision-making and answer the
initial question becomes paramount.

The strategy to be implemented involves comparing the profit outputs of a static pricing
model with a single price to, ceteris paribus, a differentiated pricing model. Specifically, given
the lack of access to real company data, the specific strategy for this thesis will be the con-
struction of a multi-step model. This model will first address the issue of creating a synthetic
databasﬂ with single pricing, then use ML algorithms for analysis, create a second database
with differentiated pricing, and finally conduct a comparative analysis between SaaS metrics.
Only then will dynamic user tracking be applied, where a user, based on their behavior and
choices, will be assigned to a particular cluster with corresponding pricing aimed at maximiz-
ing company profits.

All of this analysis, from the creation of the first database to the final dynamic assignment
simulation, must rely on quantitative interpretations and needs. To maintain continuity with

the previous analyses, the narrative device of the Micro SaaS provider offering freelancing

40A database with data not taken from real measurements but artificially constructed using statistical or random
algorithms.
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services, described in the second chapter, will be used again. Given the cost structures, pricing
considerations, and the impact of economic units, the transition to a differentiated pricing model

driven by ML models, as described in this introduction, will feel more natural.

4.1.1 Preview of Chapter Content and How It Connects to Previous Chapters

Initially, in the second section of this chapter, the methods for creating the first reference syn-
thetic database, which will be useful not only for developing the actual model but also for
creating the subsequent differentiated database, will be outlined. After presenting the descrip-
tion of the fields to be examined in the form of dataset columns, the methods for populating
the fields for all simulated users will be clarified. Once the database is obtained, it will be pos-
sible to analyze the outcomes and the metrics necessary for business sustainability, providing
a benchmark for the following chapters in the discussion of the impact of using algorithms to
identify the best price discrimination strategies.

For this reason, in the third section of the chapter, Machine Learning models will be em-
ployed to determine the pricing tiers to be applied based on the identified clusters and profit

forecasts.

4.2 Data, Preprocessing and Analysis

For the purpose of this thesis, as no real data from actual databases is available, the technical
expedient of a Synthetic Database will be employed. A Synthetic Database is a database made
up of non-real data, synthetically created from specific development instructions. Following
the example of the SaaS product where assumptions about cost structure and revenues were
determined, and as that will be the basis for studying the differences in profit between the
application of price discrimination and static pricing, a synthetic database will be constructed
to follow a certain logic and probability based on those same assumptions.

Indeed, the main challenge of relying on non-real data is the potential inability to illus-
trate the full benefits of the proposed research. Additionally, even if randomness is not fully
embraced, pre-defining possible consumer groups during the development phase may mean al-
ready knowing the business needs without employing Machine Learning algorithms. However,
the answer to such concerns remains positive and does not conflict with the objectives: having
data that is not difficult to interpret in terms of patterns does not invalidate or contradict the
use of ML algorithms applied later. On the contrary, it may provide further proof of how these
models can correctly interpret the information that emerges from a data collection process.

In proceeding with the creation of the database, probabilistic controls will be explicitly
applied to the otherwise random content generation. Additionally, the columns of the data

relevant to the analysis will be defined to make the subsequent data analyses feasible.
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4.2.1 Description of Synthetic Dataset Used for Simulation and Its Characteristics

This synthetic database will be developed in a single table specific to the calculations and mod-
els. Although it is clear that a SaaS company would also have operational tables such as those
related to authentication (containing user email, password, etc.) or user profiles (name, surname,
nationality, etc.), in the specific case addressed in this thesis, only some of these extended details
are useful for defining the models and economic analysis concerning price discrimination.

For this reason, the columns of these tables will be listed below, with their respective values
explained. Before presenting the columns, it is important to note that at the beginning of the
analysis, before price discrimination is implemented, the company starts with a subscription
plan (and therefore, recurrent revenue) tied to a single fixed monthly fee of $59.99. Conse-
quently, at least initially, it is not possible to identify price sensitivity, decisions linked to spe-
cific choices, discounts, or bilateral actions between user and company to maximize purchase
utility. Later, this data will be expanded to support price discrimination implementation.

The first synthetic database will be constructed with the following columns:

1. UserID: A unique identifier for each SaaS product user. This ID will link the user to other
internal database tables (e.g., profile or credentials). It will be generated in a progressive

and unique manner.

2. Hourly Rate: The hourly rate of the freelance user. As the target range is between $50/h
and $150/h, this variable is essential for identifying the Willingness to Pay (WTP) and

determining significant clusters.

3. Nation: The country of residence of the user, collected during registration. This infor-
mation is crucial for analyzing socioeconomic differences and price sensitivity related to

specific geographic areas.

4. Age: The user’s age. This parameter may influence the propensity for technology adop-

tion, user behavior, and willingness to pay for the service.

5. SubscriptionDate: The subscription date in unix time, providing a numerical reference to
calculate the months since registration and correlate usage over time. It is essential for

tracking user engagement trends.

6. MonthlyDailyLogin: Number of unique login days per month. This field will be popu-
lated with an array containing data for the last six months. It is crucial for tracking user
engagement, revealing trends that may indicate increased churn risk or deeper engage-

ment.

7. MonthlyHours: Number of hours worked monthly on the platform, tracked in an array for
the last six months. This data helps understand the perceived value of the service by the

USET.
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10.

11.

12.

13.

14.

MonthlyProjectsCompleted: Number of projects completed each month, also tracked in
a six-element array. More completed projects suggest active use and a higher return on

investment for freelancers, a factor closely tied to willingness to pay.

TicketsOpened: Number of support tickets opened by the user. This data can either be
interpreted as a sign of issues, which might increase churn risk, or as a sign of engagement

if the user interacts actively with technical support.

AvgTicketScore: The average score given by the user for the resolution of opened tickets.
Dissatisfied users are more likely to churn or be less willing to pay a premium for the

service.

SurveyScore: A score derived from periodic satisfaction surveys administered to users.

This data provides direct insight into user engagement and satisfaction.

NLPScore: A score derived from Natural Language Processing (NLP) analysis of any
written interactions by the user (e.g., forums, feedback). Monitoring the tone of messages

can reveal satisfaction or dissatisfaction levels that may influence retention.

Churn: A binary variable indicating whether a user has abandoned the service (1 = churn,
0 = active). This variable is essential for monitoring churn factors and building predictive

models.

Tenure: The number of months the user has spent on the platform. Tenure can be corre-

lated with loyalty and user value, and provide indications of churn likelihood.

In this way, by considering these initial sample columns, it will be possible to conduct

statistical and probabilistic analyses on this database, as well as build initial clustering models

and examine demand and pricing for each group. This will provide a foundation for exploring

price discrimination details and anticipated profit variations.

UserID | HRate | Nation | Age SDate MDailyLog MHours
456 110 Italy 30 | 18/09/2024 | [12,14,15,20,15] | [20,32,36,45,27]

MProjComp Tickets AvgTScore SScore | NLPScore | Churn | Tenure

[1,2,2,3,2] [null,2,null,1,null] | [null,4,null,5,null] 5 0.8 0 14

Table 1: Example row from synthetic dataset with UserID 456

This is an example of a table with the relevant columns for subsequent analyses. Once

these are considered, they can be populated by developing functions based on specific logical

considerations to adhere to the non-random assumptions outlined at the beginning.
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4.2.2 Populate the Synthetic Dataset

While the UserlID is generated in a simple progressive and unique manner (starting from one
and advancing to the number of desired users), the same linear decision-making process cannot
be applied to the other fields in the dataset. The rationale on which the case study analysis of
this thesis is based requires that the dataset accurately represent users and their expected behav-
iors: hence, the data and quantities must be distributed according to the elements composing
the hypothesized demand curve, emphasizing that the willingness to pay is derived from a com-
bination of sensitivity to price (also expressed by economic availability), observable attributes,
and intangible factors (with a certain margin of error).

At the same time, the objective is to create an artificial base on which to conduct analyses
and modifications. Therefore, the rigor and complexity required in constructing the synthetic
database will be balanced with a degree of simplification, approximation, and randomness to
best represent reality. While many correlations between columns and their values could be
explored, this section will focus on the necessary complexities to highlight the potential of the
implemented ML model.

For example, the distribution of users across the pricing bands cannot be left to pure chance;
instead, it is reasonable to follow the distribution derived from the demand curve established
in Chapter Two. Specifically, the demand curve was modeled as a sigmoid, which means us-
ing a logistic distribution to represent user allocation across bands, with a higher probability of
clustering near the mean (which was determined to be $75) and lower likelihoods of extreme
high or low values. This reflects the fact that users with very low hourly rates likely cannot
afford a product with a significantly higher value relative to the ROI they receive, while users
with very high rates may have different needs compared to those targeted by the SaaS product.
Furthermore, lower price bands are more common than higher ones, representing a labor market
where earning more is less frequent. The logistic distribution, compared to the normal distri-
bution, tends to spread values further from the median, making it more suitable for identifying

potential clusters (given the lack of real data).
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This logistic distribution equation helps to determine how many users fall within each pric-
ing band, translating this detail into percentages of the user population under consideration,
thanks to the cumulative distribution function (CDF): 0.05% in Band 1, then respectively 1.05%,
6.48%, 30.17%, 54.67%, and 7.58% for Bands 2 through 6. It is reasonable to assume that the
largest portion of users will be in Band 5, as the hypothesized willingness to pay is $75, which
was calculated based on a 10%-30% ROI on the saved hours. In the specific case of this syn-
thetic database, 13,000 users will be created to provide enough variation (active or churned

users), and these percentages will apply to this number, resulting in 7, 136, 843, 3,922, 7,106,
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and 986 users in Bands 1 through 6, respectively. The sum, of course, equals 13,000.

Regarding the users’ countries of residence, given their importance due to the cost of living,
average salary, and tax implications (important for determining WTP), a small set of countries
will be used, with each assigned a weighting for each pricing band. This means that while some
countries typically have higher taxes or higher average wages, a percentage of outliers is al-
lowed since, as in reality, residency is not the only factor determining these economic metrics.
The same modus operandi is applied to user age, with the higher price bands more likely to
fall within older age groups to reflect experience. To achieve this, a weighted random distri-
bution based on band membership is created. Arbitrary ranges for each band are established,
within which a random value is more likely to be selected. For instance, in the second band
(120/h—150/h), the 35-60 age range is given a higher weighting to reflect the greater likelihood
of a 40-year-old having accumulated enough experience to raise their hourly rate, compared to
an 18-year-old. Conversely, as the bands move toward lower values, the distinction becomes
less important since both a 20-year-old and a 50-year-old could have lower hourly rates, though
the likelihood of the user being younger is still slightly higher.

For the subscription date, it is assumed that the SaaS product launched on January 1, 2024,
with the final subscription date set for December 31, 2025. Typically, over a long period, user
growth follows a sigmoid curve, but since this period is limited to two years, it is reasonable
to consider only growth. However, considering the usual growth pattern for a SaaS product,
its objectives, and saturation point, it makes sense to use a logistic function to determine how
many users subscribed on a given date. Thus, assuming fewer subscriptions early on due to
initial marketing efforts, followed by increasing subscriptions due to network effects, until the
market saturates, it is expected that 13,000 users will have subscribed by December 31, 2025,
following this ’S-shaped” growth curve.

The number of logins, completed projects, hours worked, tickets opened, and average ticket
scores calculated monthly all follow the same ratio: they tend to grow month over month before
stabilizing or decreasing if user engagement declines and churn risk increases. Outliers and sea-
sonality factors must also be considered. Churn, however, can also occur earlier, as low initial
usage that never increases over time can lead to churn (low perceived value). This increases the
likelihood of canceling the subscription early, rather than in the following months. This intro-
duces three key factors: band, churn, and period. While time (a marker of seasonal presence)
is derived from the subscription date, and band affects ROI, churn still needs to be incorporated
and distributed among the database rows.

It is important to note that the churn rate is calculated by dividing the lost customers by the
total users at the beginning of the period, then multiplying by 100 to obtain the percentage. A
realistic churn rate for SaaS can range from 5% to 25%, so an annual churn rate of 10%-15%
with a monthly rate between 1% and 3% is reasonable for this simulation. This rate can be
distributed based on seasonality or exponential growth in subscriptions; the more users there

are, driven by network effects, the more likely it is to lose disinterested users. However, a
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different approach will be used to make the dataset more varied by simulating more realistic
behavior. Each user will have a unique churn probability that changes based on engagement,
seasonality, and band. This creates a dynamic, non-predetermined churn, with a cumulative
distribution: the probability can increase or decrease depending on seasonal trends or project
success. Since these are synthetic data, we cannot directly refer to projects, hours worked, or
other variables that still need to be defined, as churn is also influenced by these factors. Instead,

we can rely on other aspects:

1. Band: Since each user’s perceived value and WTP are tied to their ROI, higher bands will
tend to have a higher WTP than lower ones. As a result, the higher the perceived value,
the lower the propensity to churn. Band 6, with an hourly rate below $50/h, has a higher
propensity to churn compared to Bands 4 and 5, which, in turn, have a higher propensity
to churn than the first three bands.

2. Seasonality: Vacation periods, arbitrarily set for the months of December, August, and
April, increase the probability of churn, although to a lesser degree than band. This is
based on the fact that less use of the product leads to a lower willingness to invest in it.

3. Time Passing: The first month, during which the services are still unfamiliar and no time
has been invested in integrating or saving data, has the highest churn rate, which decreases
over time. In fact, as time passes, the only variable that increases churn is decreased
engagement due to new products entering the market, lack of innovation, problems, bugs,
negative customer service experiences, or external factors such as personal issues, fewer

clients for freelancers, or economic system problems.

The cumulative churn distribution can be calculated as follows:

t
Pchurn (t) - Pinitial + Z (A-Pseasonal + A-Pengagement + APband) (22)

i=—1

Remembering that individual probability translates into collective probability, we can calculate
between 1% and 3% for each user based on their band and other monthly factors that may in-
crease or decrease the churn percentage. For each month, the relative probability is calculated,
generating a random value. If it is lower than the probabilistic value, churn occurs, returning the
reference date. If it is higher, the user moves on to the next month. Depending on engagement,
worked hours, completed projects, and tickets, engagement can rise or fall, which in turn influ-
ences (through engagement) an increase or decrease in churn probability. For the purposes of
populating the dataset, the history of these values will be fixed up to six months prior, rendering
earlier time trends irrelevant for future churn forecasting.

Finally, it is assumed that the survey is sent to users who have been subscribed for more
than three months. The score is calculated based on engagement, as is the NLP score (evaluated

between 0 and 1). Once all fields are populated and this schema is replicated for each user, a
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dataset of 4,999 users is created, providing a sample for the thesis. This dataset can be used
to apply ML algorithms, saved externally as an SQLite database (to avoid having random data

generated each time).

4.2.3 Preprocessing and Exploratory Data Analysis

In the case of a database already established by the pipeline, the Exploratory Data Analysis
(EDA) phase would require time spent analyzing the formats and information within the vari-
ous columns. However, since the dataset was created from scratch using synthetic data with the
algorithms just defined, this step has already been extensively covered in the preceding para-
graphs. What is now useful is to analyze the results obtained in terms of quantities, distributions,
and relevant metrics. Before analyzing the data, preprocessing operations are conducted to ad-
dress missing values (e.g., for avg_ticket_score, survey, and churn), and the array entries are
restructured in a proper format. Missing values (in cases where tenure is less than six months)
will be counted as NaN. With these necessary steps completed, the dataset can be analyzed
using EDA techniques.

Preliminary results based on numerical statistics can then be stated, following calculations

on quantities and statistical elements:

1. Hourly Rate: ranges from 30 $/h to 250 $/h, with an average of approximately 74 and a

median of 75.
2. Age: ranges from 18 to 70 years, with an average around 36.
3. Survey Score: average of 4.32 on a scale from 1 to 5.
4. NLP Score: average NLP score of 0.55, with values ranging from close to O to almost 1.
5. Churn: approximately 10.5% of users have churned.

6. Tenure: average duration of about 12 months, with a maximum of 24 months.
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These details accurately reflect the distribution applied during the construction of the database,
providing the final results for what was randomly assigned within a range of values. In the
graph, it is evident that there is a direct proportionality between the increase in age and the
increase in hourly rate, with an average age of 36 years and 75 $/h.

Moreover, by analyzing other demographic metrics, we can also examine the distribution
of nationalities in relation to the hourly rate, illustrating another correlation factor between
users’ geolocation and willingness to pay in relation to income, taxation, and other variables

that influence sensitivity to prices applied to SaaS services.

Hourly Rate Distribution by Nationality
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Figure 13: Relationship between Nationality and Hourly Rate

However, more useful than demographic details—though these will later assist in building
more specific clusters—is the analysis of SaaS metrics. In fact, analyzing the current quantities
concerning the values of economic units of the business model is helpful in comparing single

pricing with differentiated pricing, as well as in achieving the final goal of price maximization.

4.2.4 Insights on SaaS Metrics

In particular, metrics related to recurrent revenues (if monthly, MRR), Average Revenue Per
User (ARPU), gross margin, LTV, and churn are fundamental for comparing the profitability
differences of various pricing models. Other important metrics, such as CAC and the magic
number, are also essential but depend on a well-defined cost structure for user acquisition costs.
This study, however, focuses on revenues to standardize the profit differences. Notably, the

fixed price for the service subscription is set at $59.99 for all users:
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Monthly Recurring Revenue (MRR) Over Time
700000 |

600000
500000

w 400000

MRR (

300000

200000

100000

ok

W AN AN W

SRRV
SR )
OO N

¥ ¥
DA

W AN N Y
v
ﬁ9

Figure 14: Relationship between Nationality and Hourly Rate

. MRR: Examining the MRR, the final month’s estimate is $697,743.69. The growth closely
follows the sigmoid curve that represents the monthly acquisition of the new customer

base, adjusted for the churn rate and multiplied by the monthly service price.

. Churn Rate: The churn rate aligns with the expectations of an annual churn rate typical

for a SaaS at 10.5%, equivalent to a monthly churn rate of 0.88%.

. ARPU: The Average Revenue Per User is easily calculated, as the current single pric-
ing is $59.99 monthly. This factor will eventually change with the possibility of price

differentiation, one of the reasons a higher profit is expected with tiered pricing.

. Gross Margin: Assuming an average cost per user at the threshold of 13,000 users (minus
churned users) at $7.5, the gross margin is approximately 87.5%, calculated by the ratio
of COGS to MRR.

. LTV: The Lifetime Value, for now, can only be based on the observed 24 months. With
an average tenure of 11.69 months, multiplying this average tenure by the ARPU gives a

lifetime value of approximately $701.47.

These analyzed metrics, as previously mentioned, will be revisited later to compare the dif-

ferences with the metrics obtained after price differentiation, providing insight into the impact

of tiered pricing on company revenues.

4.3 Customer Segmentation

It is now essential to use this data to develop a pricing model that applies price discrimination

based on similarities between users. Since it is not possible to perfectly know each individ-

ual’s willingness to pay, and because managing individual differences in pricing would likely
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decrease engagement due to perceived unfairness, the most suitable model for price discrimi-
nation is tier pricing: a strategy that differentiates users’ needs and the value they assign to the
product by adding features from basic to premium, thereby justifying price differences.

Two key elements are necessary: microeconomic theories of organizational strategy to find,
within monopolistic competition, the optimizations of quantity and price based on different
demand curves, and clustering. Using machine learning algorithms to cluster various types of
users becomes feasible thanks to the data collected in the database. By analyzing the right
features, it is possible to group similar users, and their demand curve becomes more specific
to their willingness to pay. Maximizing profits becomes feasible when, without increasing the
churn risk, user surplus—especially among those willing to pay more than the fixed price—can
be reduced, thus increasing the company’s surplus.

Therefore, after gathering the data, the next step is understanding how to use it to identify

relevant features that will help find meaningful clusters.

4.3.1 Application of Clustering Techniques to Segment Customers Based on Their Char-
acteristics

As previously described, unsupervised clustering is generally accomplished through two types
of algorithms: k-means and DBSCAN. DBSCAN is more suitable when the number of clusters
is unknown a priori; in cases where features overlap, are complex, or are not well-defined,
this algorithm can extract more information that would not be easily deduced from the start.
K-means, on the other hand, is better aligned with the goal of tier pricing.

While maximizing sales with many clusters may be theoretically possible, psychological
factors discussed earlier are strong opponents to the perfect rationality expected when trying
to find optimal prices for maximization. Having many clusters, and consequently many prices
and additional products to justify price increases, can lead to issues. These include increased
production costs for multiple meaningful add-ons and the complexity of navigating a funnel
where customers face too many options, ultimately reducing conversion rates. Consider the
role of emotion in purchasing decisions: guiding customers toward rational behavior instead of
instinctive action can significantly lower the conversion rate and the effectiveness of a call to
action.

Furthermore, psychological pricing strategies (such as odd numbers ending in seven or .99)
or graphical tactics (highlighting a choice as the most advantageous, labeling it as the most cho-
sen, or positioning it between two less attractive options) may not be as effective when there are
too many options. While having many choices may help avoid surplus loss and maximize prof-
its, in practice, this approach may lead to reduced profits due to missed conversions, increased
costs, or higher churn rates.

K-means is also preferable for the purposes of this thesis to demonstrate a less complex,
descriptive analysis. In real-world revenue management, real data, contingent situations, and

specific needs could dictate the choice of one algorithm over another. However, for this thesis,
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using k-means is sufficiently significant to emphasize the importance of a data-driven approach
in pricing decisions, especially in dynamic pricing.

The process of finding clusters requires characteristics related to price sensitivity, usage
factors, engagement, and demographic information such as nationality and age. After training
the model, it can be used to predict which cluster a new user belongs to, even if no similar
user with the same attributes existed before. For this, specific columns of the database will
be used, including demographic features like age and nationality, combined with churn, NLP
score, survey score, tickets opened, average ticket score, and willingness to pay. Although there
is no specific column for willingness to pay (since asking each user to estimate the maximum
price they would pay would be biased and unreliable), it can be derived from other columns,

with some used as proxies in the absence of a direct measure.

4.3.2 Estimation of the Willingness to Pay

Willingness to pay (WTP) is one of the fundamental features for identifying different clusters
within the current demand curve. As discussed in Chapter 2, the demand curve is, in a sense, the
sum of each individual’s utility as defined by the Berry, Levinsohn, and Pakes (BLP) formula:
each person, based on tangible and intangible characteristics, price sensitivity, and idiosyncratic
error, can be placed within a willingness to pay range. Thus, when analyzing the willingness to
pay of each user in the dataset (identified by a unique user ID), it can be derived from observable
characteristics, intangible attributes, and the calculation of relevant coefficients, including those
for price and error, described by the residual of the calculation model. After identifying the
necessary data for the estimate, linear regression can be used to find the parameters needed to
estimate this factor.
Recalling equation (10), WTP according to the BLP model is defined as:

WTP =BX+aP+&+e

Where 5X is the coefficient of the observable characteristics multiplied by the product
characteristics, aP is the coefficient of price sensitivity multiplied by the price (59.99%), while
¢ represents intangible characteristics and e represents the error.

Starting with observable characteristics, even though the value of certain features, such
as service speed, third-party integrations, and other factors important to the user, cannot be
quantified directly, it is possible to derive them from parameters like monthly logins and hours
worked. The more valuable and important the product, the more frequently it will be used. This
differs from more intangible elements such as personal preferences, emotional engagement,
fashion effects, UI appeal, or anything that does not depend on rational, measurable use. To
calculate the parameter &, it can be inferred from dataset variables like NLP score and survey
results. Moreover, with a single price of $59.99 and the hourly rate of each user, it’s also

possible to estimate the sensitivity to price along with error. However, recalling that information
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about daily logins and hours is stored as an array with inherent time value, we need to consider
using methods such as ARIMA or Holt-Winters. For the purposes of the thesis, it is sufficient to
consider these as values of variance, mean, and trend, calculating each of these for the columns
of daily logins and monthly hours. Given this, and reporting the coefficients as progressive beta

values, we have the following formula for the willingness to pay:

WTP = By + 1 X avg_monthly_hours + By X login_trend
+ 03 X variance_monthly_hours + B4 X nlp_score (23)

+35 X survey_score + B X hourly_rate + ¢

It was decided to represent the coefficients as /3, to highlight the future possibility of estimat-
ing the willingness to pay of each cluster using regression formulas, such as linear regression
specifically for WTP, or logistic regression to estimate the probability of churn for each cluster,

as follows: |

1+ e WTP
Indeed, it was decided to use these values of mean, variance, and trend within the calculation
of the K-means, while the estimation of the likelihood of churn and the WTP will be calculated

P(churn = 1) = (24)

later with linear and logistic regression for each cluster to establish an appropriate tier pricing
division. For the initial calculation of clusters, the necessary information will be passed to the
algorithm to identify patterns and differences, allowing these unsupervised models to generate

the segmentation results on which subsequent considerations will be based.

4.3.3 Clusterization Process and Results

To summarize, the elements required for the K-means characteristics include Hourly rate, av-
erage monthly daily logins and hours, login trend, monthly hours variance, NLP score, survey
score, churn, age, and tenure. Characteristics related to nationality, as well as the addition of
other parameters, were omitted to avoid the risk of overfitting. After standardizing the scale
of these various inputs with different numerical bases by processing them with a normalization
algorithm, it becomes necessary to determine k, or the predefined groups we aim to recognize
within the dataset.

To achieve this, referring to the clustering theory in Chapter 3, we rely on the elbow method,
which determines the optimal number of clusters in an analysis like K-means by calculating the
sum of squared distances between the data points and the centroid of each cluster (known as
inertia). By calculating this over a range of possible clusters, a graph of the distances relative
to the number of clusters is plotted. Where an ”elbow” can be identified, indicating a slower
decrease after a certain number of clusters, this point represents the optimal choice to be used

in K-means.
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Figure 15: Elbow Method for K-Means Clustering

The elbow method suggests that the optimal clustering choice is four. This implies that—always
in probabilistic terms—this division into four clusters is sufficiently significant to derive four
groups with different needs, where users belonging to the same group share a good balance
between internal variance and parsimony, without dividing into too many clusters. Thus, the
K-means algorithm is applied with the aforementioned parameters and four clusters, yielding

the following result:

Clusters visualization

Figure 16: Visualization of Clusters with K-Means algorithm

Following the application of the K-means algorithm with four clusters, each cluster presents

distinct characteristics, as detailed below:

* Cluster 0: This cluster shows an average hourly rate of approximately 54.44 and an
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average age of 33.5 years. The survey score and NLP score are relatively low compared to
other clusters, at around 2.68 and 0.47, respectively. Additionally, all users in this cluster
have churned (churn rate of 1.0), with a short fenure of about 3.6 months. The average
monthly hours and average monthly daily logins are high, indicating initial engagement,
but the declining login trend (-0.0125) and moderate variance in monthly hours suggest

a potential loss of interest over time.

* Cluster 1: Users in this cluster have the highest average hourly rate at 88.97 and an av-
erage age of 48.7 years, making them the oldest group. They exhibit very high survey
scores (4.50) and NLP scores (0.55), indicating high satisfaction and engagement. No-
tably, there is no churn observed in this cluster, and users show a long tenure of about
13.2 months. Both average monthly hours and average monthly daily logins are high,
with a positive login trend (0.0637) and the highest variance in monthly hours (12.23),

suggesting a steady and high-value user base.

* Cluster 2: This cluster has an average hourly rate of 68.32 and a younger average age
of 27.6 years. Similar to Cluster 1, users in this cluster report high survey scores (4.50)
and NLP scores (0.56). There is also no churn observed in this group, with a fenure
of approximately 12.9 months. The average monthly hours and average monthly daily
logins are high, but with a slightly negative login trend (-0.0164) and a moderate variance

in monthly hours (11.98), suggesting stable but slightly fluctuating usage patterns.

* Cluster 3: This cluster represents users with an average hourly rate of 69.52 and an
average age of 35.7 years. The survey score (4.53) and NLP score (0.53) are high, in-
dicating user satisfaction. However, there is a 15.9% churn rate in this cluster, with a
relatively short tenure of around 3.5 months. The average monthly hours (1.34) and av-
erage monthly daily logins (1.27) are notably low, with a stable login trend of 0 and no

variance in monthly hours, suggesting minimal engagement.
Based on these results, we can propose a tiered pricing model:

* Basic Tier: Suitable for Cluster 0, where initial engagement is high, but users churn

quickly. A mid-range price could potentially capture these users before they churn.

e Standard Tier: Targeting Cluster 3, characterized by low engagement and moderate

satisfaction. The pricing should be kept low to encourage retention and increase usage.

* Premium Tier: Targeted at Cluster 2, with stable, high engagement and no churn. These
users demonstrate high satisfaction and stable usage, making them suitable for a higher

price.

* Elite Tier: Best suited for Cluster 1, with the highest hourly rate, age, satisfaction, and
engagement levels, and no churn. A premium price can be applied, as these users show a

high willingness to pay and value the service significantly.
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This tiered pricing structure leverages each cluster’s unique characteristics to maximize rev-
enue while catering to the specific needs and engagement levels of different user groups. How-
ever, to estimate a specific price for each, as pointed out before, it is necessary to apply some

more rigorous calculations.

4.3.4 Tier Pricing Estimation

Having established the calculation of the WTP for each cluster in the form of formula (23), it
is possible to use linear regression to study the [3,, coefficients and measure the result through
the chosen proxies. It is not possible to find an exact price since the algorithm cannot be trained
with each user’s WTP. Howeyver, in the absence of this information, it is feasible to determine
the coefficients to provide an estimate based on the single price of $59.99 previously used.
Specifically, the goal is to estimate the willingness to pay, which was initially evaluated at
around 10% of each user’s 10 hours of work according to their hourly rate. Since the average of
the demand curve centers around 75 $/h, the ROI becomes 750 x 8%, approximately yielding
the original $59.99.

However, assuming some variation and a margin of error, as well as a reduced sensitivity
to spending for higher hourly rate bands, each user’s WTP was calculated within a range of
percentages to estimate the coefficients via linear regression. Additionally, analyzing the vari-
ance during the preprocessing phase reveals that both the survey score and NLP score have little
impact on the model’s information as they do not vary significantly between users. Removing
these from the formula and training the linear regression model, the following coefficients are

obtained:
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Figure 17: WTP Linear Regression
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WTP = 77.397 4 27.609 X hourly_rate — 0.0667 x avg_monthly_hours
+0.0812 x avg_monthly_daily_logins — 0.0092 x login_trend (25)

—0.0771 x variance_monthly_hours + ¢

Using the average values obtained in the clustering phase with the K-means algorithm, we
can feed each cluster into the model to find the average WTP value for each group, thus hy-

pothesizing a price to be assigned to each cluster. To validate this approach, it is reasonable

Cluster | Average WTP
0 $50.54
1 $97.40
2 $69.36
3 $71.00

Table 2: Average WTP per Cluster

to use the economic approach of setting M R = MC' in a monopolistic competition market,
as theorized earlier. This entails representing a demand curve for each cluster, using formula
(13) and setting marginal costs equal to the respective marginal revenue curves from formula
(14). However, two key factors need to be highlighted: first, although each cluster has its own
number of users, the total number of users across clusters remains 13,000. Therefore, the MC
and Average Cost are now represented by a line at the value assumed in these conditions (at
13,000 users) with MC = $2 and Average Cost = $7.5.

Distribution of Hourly Rate per Cluster (Boxplot)
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Figure 18: Hourly rate distribution

To further refine the demand curve structure, we can examine the BoxPlot of the four clusters

after removing outliers: without the outliers, each group’s hourly rate ranges from a minimum
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of 30 $/h to a maximum of 150+ $/h, with different medians—specifically, 50, 90, 70, and
70—across clusters, as shown in figure (18).

This allows us to build a demand curve centered around the median, from which the marginal
revenue curve can be derived. By intersecting this curve with the marginal costs, the optimal

pricing and optimal quantity can be determined.
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Figure 19: Optimal Pricing per Cluster

This approach highlights why it is necessary to adopt this method, given certain challenges
that arise. Firstly, having only the linear regression result is not sufficient to understand the fea-
sible price levels. In comparing with the monopolistic competition model, the price differences
are significant (from $50.54, $97.40, $69.36, $71.00 to $39.86, $76.44, $57.94, $57.94). Given
the price sensitivity and potential competition from other SaaS providers, selecting a price that
maximizes profits without increasing churn risk is essential. However, relying solely on this
method would mean treating this model in a limited way: if, for example, a price of $39.86 is
set for 1800 users in cluster 0, it does not imply the other 400 users are lost. Instead, they might
choose a lower/higher-priced cluster, thereby increasing the number of users in that tier.

The key takeaway from this analysis is the flexibility available in setting the price. Although
clusters with a lower WTP (like cluster 0) may have greater price elasticity than clusters with
higher hourly rates and incomes (like cluster 1), an A/B testing strategy with initially lower
prices and leveraging psychological effects on consumers can be pursued. Based on this, the

following tier pricing can be implemented:
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* Basic Tier: $39.99, targeting cluster O with a lower average hourly rate and higher churn

propensity.

» Standard Tier: $59.99, the original price, with renewal discounts available. Cluster 3

has moderate churn risk but not so high as to warrant a further reduction.

* Premium Tier: $67.99, targeted at cluster 2, which has lower churn probability, although
the average hourly rate is similar to cluster 3. This setup may make the $59.99 option

appear more attractive, mitigating price sensitivity.

* Elite Tier: $79.99, the top tier for the cluster 1 with the highest hourly rate. Given their
lower price sensitivity and higher income, a higher price can be justified by offering more

specific services.

It is important to note that each tier price difference is justified by additional specific ser-
vices, such as enhanced customer support or advanced technology offerings. This segmentation
should represent added value; otherwise, each cluster will gravitate toward the Basic Tier. Thus,
understanding user needs and investing in innovation and technology development is essential.
Although the costs will be amortized and shared among users over time, they need to be antici-

pated initially to support cluster segmentation.

4.3.5 Results and Comparison Analysis

Given these results, how do the previously conducted analyses vary with single pricing? Com-
paring the SaaS metrics analyzed earlier during the EDA phase allows us to determine whether
this type of model can indeed lead to price maximization as theorized. This idea is based on
the concept that if the willingness to pay of each user exceeds the price charged, there is a
portion of consumer surplus that can be converted into producer surplus by raising the price
without inducing churn. It is not feasible to predict the churn rate in advance, but greater flex-
ibility potentially reduces churn risk and enables ongoing actions in itinere to mitigate this
risk. Therefore, although the churn rate derived from the fixed price of $59.99 might decrease
with the adoption of tiered pricing, this analysis phase assumes the same churn for previously

churned users, comparing ceteris paribus with the last month recorded in the database.

1. MRR: In the last month, net of previously churned users, an MRR of $697,743.69 was
recorded with 11,631 users. By identifying cluster membership and excluding churned
users, the MRR would be $841,595.69, higher than the initial figure. This approach is
also intuitive when considering cluster composition: since cluster 0 consists of users who
churned over time, excluding them from the demand curve’s user base raises the price
where M C' = M R, thereby increasing revenues and profits. Additionally, the 1279 users
in cluster 0 would not be lost if reducing the price to $39.99 were effective in reducing
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churn: even retaining 50% of these users would further boost revenues by $51,147.21, a

significant amount.

2. Churn Rate: As outlined, the churn rate remains unchanged for the current analysis phase.

This can be recalculated in the future when tiered pricing adjustments provide more data.

3. ARPU: The Average Revenue Per User now reflects different values across user clusters.
Dividing total revenues by active users across clusters, it rises from $59.99 to $72.36,

indicating a 20.62% increase.

4. Gross Margin: With COGS fixed at $7.5 per user and the adjusted MRR, gross margin

rises from 87.5% to 89.64%, reflecting increased profitability after variable costs per user.

5. LTV: Lifetime Value, while maintaining the average tenure of 11.69 months, now in-
creases due to the higher ARPU, resulting in $845.89 compared to the previous $701.47.

Comparing these metrics confirms the initial hypothesis that price differentiation enhances
SaaS business revenues (and thus, with unchanged costs, profit). However, there are some
potential challenges to consider. Issues such as increased costs or rising churn could arise. If
the costs of creating added value to justify higher prices are substantial enough to reduce profit
despite increased revenues, tiered pricing might not be suitable. Nonetheless, it is essential to
analyze both short- and long-term impacts, as development costs are typically amortized over
time. If, for instance, this temporary decrease in profit enables access to a broader audience or
allows for a recovery of the investment during the payback period, maximizing future profits, a
temporary trade-off may be acceptable.

Regarding churn risk, increased prices may affect retention if competitors offer comparable
services at lower prices. Therefore, it is crucial to compare tier pricing with competitors’ pricing
and to emphasize the importance of A/B testing with a smaller user group to understand the
response to pricing changes before implementing them across the entire user base.

Ultimately, the analysis highlights the effectiveness of differentiated pricing based on vari-
ous clusters: having distinct user groups with varied WTP necessitates price differentiation to

efficiently capture consumer surplus.

4.4 Dynamic Application of the Model

Up to this point, we have discussed how, based on current data, it is possible to aim for
profit maximization by differentiating prices using machine learning to cluster various types of
users and applying price discrimination theories. However, due to the capabilities of advanced
technology, computational speed, and the entirely online nature of SaaS, even more effective
methodologies exist for increasing revenue. This is achievable because we can relatively eas-

ily track each user’s behaviors, understand trends, and constantly categorize them into clusters
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that represent their unique attributes. In fact, by establishing various parameters to monitor,
although a user may have chosen a particular pricing tier at the time of subscription, it is pos-
sible to counter churn or, conversely, increase their lifetime value by encouraging additional
spending.

This monitoring applies to both new and existing users; the real strength of this approach
lies in collecting meaningful data and regularly training machine learning models by tracking
user responses. Practically, as demonstrated thus far, collecting and processing a dataset to train
a model using machine learning algorithms enables the use of that model for forecasting data
not available during the training phase. For instance, if a new or existing user exhibits unique
values among those analyzed (such as survey score, NLP score, average monthly hours, etc.),
feeding this data into the model allows for an effective estimation of their WTP and reduces the
likelihood of churn through the offer of discounts, add-ons, or alternative subscription plans.

In the following sections, some key considerations will be analyzed for the adoption of
a dynamic price discrimination process. This automated system—without requiring ad hoc
human intervention and decision-making—can independently act on each user by tracking their
behaviors and consistently offering the optimal pricing solution. This enables the company to

cover the user’s WTP effectively while minimizing losses due to inefficiencies.

4.4.1 Simulation on Changing Behaviors

To maintain a sustainable pricing strategy, it is essential to simulate and analyze potential
changes in user behavior over time. This simulation can be performed by setting up scenar-
10s where key metrics—such as login frequency, time spent on the platform, and user satisfac-
tion scores—change dynamically. These changes can be analyzed to understand their potential
impact on user retention, engagement, and overall revenue.

For example, by adjusting user engagement parameters in the model (such as reducing
monthly login frequencies or adjusting session durations), the model can predict how these
behavioral changes affect willingness to pay (WTP) and churn rates across different user clus-
ters. Machine learning algorithms, such as decision trees or logistic regression, can help identify
thresholds where certain behaviors may predict churn or a reduction in subscription level. The
goal is to simulate possible outcomes for scenarios where user behaviors deviate from their
current patterns and to adapt the pricing model to accommodate these changes.

In a SaaS environment, this tracking is simplified, as actions unrelated to purchasing deci-
sions can still contribute to forecasting based on model parameters. For instance, in the case
of the synthetic database used, values within each column are tracked as user behavior within
the service, not directly set by users (such as declarations of hourly rate, age, or nationality).
Logins, time spent, and open tickets are all metrics that contribute to clustering users within
groups with specific willingness to pay. Therefore, changes in usage time, ticket activity, or ser-
vice scores may alter a user’s cluster assignment, resulting in pricing adjustments that more ac-

curately reflect their WTP, which is determined by engagement levels in addition to observable
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attributes and price sensitivity based on purchasing power. As previously noted, engagement
significantly influences both WTP and churn values.

Additionally, with the introduction of tier pricing, these behaviors, choices, and churn prob-
abilities can be analyzed with additional variables. For example, as further discussed, the ad-
dition of add-on products can be tracked by monitoring click counts on pages related to certain
services, sensitivity to discounts during sales periods (such as Black Friday), as well as the
content of user messages—not only in terms of sentiment analysis but also in content itself—to
identify demands for additional services, resolve doubts, or provide targeted incentives for both
marketing and sales.

Marketing becomes another area that can be developed through the tracking of such dynamic
content. The more choices and behaviors tracked, and the more outcomes known, the more it
becomes possible to outline a common profile to target with various offers and services, as well
as the most appropriate engagement and marketing communications. Consequently, multiple

sub-levels of clustering can be recognized:

* Clustering for Tier Pricing: The primary level, previously analyzed, determines the tier
pricing levels to be offered. These clusters should not be too numerous, as discussed,
as it is essential to limit users’ options to specific offer levels to maximize acquisition

opportunities through the challenging acquisition funnel in any SaaS.

* Clustering for Groups of Similar Users: A second, broader level of clustering can be
implemented to identify different behaviors within the same primary cluster that, while
sharing the same pricing tier, may exhibit different churn or engagement levels. The
creation of these narrower subgroups is facilitated by the wealth of obtained data: for
some subgroups, offering a discount may be effective, whereas for others in the same
primary cluster, it may not be necessary. The flexibility to understand the varying patterns
of similar users within clusters allows for better anticipation of their needs, making the

pricing discrimination process more efficient in response to these needs.

* Individual Clustering: The ultimate expression of clustering divides each individual based
on unique attributes. Although implementing this level is challenging (due to the absence
of perfect knowledge of each user’s WTP), it can be developed in specific areas, such
as customizable add-on features. For instance, users in the same primary and secondary
clusters may differ in personal preferences. This could apply to integrations with an ad-
ditional third-party service, for which a personalized offer may be proposed. Continuous
monitoring of user behavior in this context is essential for presenting targeted purchase
offers, automating the decision to withdraw or persist with the offer based on purchasing

probabilities.

The dynamic clustering and personalized pricing system can therefore increase in complex-

ity and effectiveness based on the SaaS business structure and services offered. It is crucial
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to emphasize that monitoring each user’s behavior within the SaaS, in addition to adapting to
the type of product offered, is essential for an efficient pricing management system. The al-
gorithm used to track specific metrics automates the decision-making process, but it requires
a well-defined logic that avoids being overly invasive, thereby preventing unfairness in pricing

management, while also capitalizing on multiple revenue opportunities.

4.4.2 Subscription of a New User

A newly registered user, unlike an existing one within the system, lacks the same amount of data
necessary to accurately position them within a specific cluster. On the one hand, this increases
the risk of inefficiency in the retention process and the associated goal of maximizing their po-
tential Lifetime Value (LTV). On the other hand, however, it provides an opportunity to leverage
real-time responsiveness in the delivery of services, which can help minimize inefficiencies.

Upon registration, the user makes certain choices that are indicative of their likely cluster,
to which they may have been accurately directed through targeted Customer Acquisition Cost
(CAC) efforts by the marketing department. Continuing with the example of the SaaS model
explored in this thesis, the registration process alone provides several factors that can help
predict cluster affiliation (e.g., using linear regression or decision tree models) and their own
WTP. Parameters such as nationality, age, hourly rate, and the choice of subscription plan within
tiered pricing options support the initial classification of the user into an initial cluster.

From this point onward, as the user interacts with the SaaS platform, each action allows
for further refinement of their cluster assignment, maximizing profit by offering options that
enhance their utility. The fewer data points available, the greater the risk of missing early
indicators of churn, limiting proactive retention responses. Thus, rather than losing a customer,
it is preferable to generate slightly lower revenue if it supports the potential for longer-term
retention.

The ultimate goal is to implement continuous clustering recalibration, whereby each signif-
icant interaction fine-tunes the model’s understanding of the user. By using advanced analytics
and machine learning models like clustering or logistic regression, companies can make real-
time adjustments to a user’s LTV calculation, tailoring both retention and revenue-maximizing
strategies more precisely.

Onboarding a new user in a SaaS platform is a critical moment for long-term success. An ef-
fective onboarding experience is not one-size-fits-all but rather adapted to the user’s initial clus-
ter designation. Each cluster, based on its characteristics, requires tailored onboarding strategies
to maximize its users’ engagement and minimize the likelihood of churn. For example, a user
assigned to a low-WTP cluster may benefit from an onboarding experience that focuses on
the platform’s essential features, providing guidance on how these features can solve specific
pain points. High-WTP users, on the other hand, may require a more advanced onboarding
approach, emphasizing exclusive features or add-ons that align with their professional needs.

In either case, the onboarding program serves not only as an introduction to the platform but as
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a powerful tool for increasing immediate engagement and setting usage patterns that maximize
LTV over time.

Once the user is fully registered and engaging with the platform, behavioral data can further
refine their cluster position, proactively identifying churn risks. Factors like declining usage
frequency, decreased engagement with premium features, or low customer satisfaction scores
can indicate a user’s potential churn likelthood. Machine learning models, particularly those
trained on time-series data, are well-suited to track these behaviors and send alerts for early
intervention. This proactive approach allows the SaaS provider to implement retention strategies
tailored to the specific risks associated with each cluster. For instance, if a user from a high-
WTP cluster shows signs of declining engagement, it may be appropriate to offer exclusive
content, additional features, or personalized support. Conversely, for users in low-WTP clusters,
offering targeted discounts or adjusting the pricing of certain add-ons can provide an incentive

to retain their business.

4.4.3 Reducing Churn Probability by Acting on Engagement

Previously, we discussed using the WTP formula (23) to determine, via logistic regression,
the formula (24) for calculating churn probability. With differentiated data available, it be-
comes possible to assign a dedicated churn probability alongside clustering by estimating the
likelihood of churn for users with similar characteristics to those of WTP. Especially for SaaS
businesses where survival depends on recurrent revenues, having a tool that monitors churn
probability with each behavioral change—and reacts automatically when a certain threshold is
exceeded—becomes essential for maximizing profits by directly extending the Lifetime Value
(LTV) through an increase in tenure duration.

Each behavior contributes to increasing or decreasing the probability of churn due to dif-
ferent engagement factors that shape each user’s perception of the product’s value, which is
dynamic and variable. Keeping users engaged with the platform can be achieved through vari-
ous means:

One method is to encourage extended usage periods through the strategy of annual payment.
Offering a discount on an annual plan compared to a month-to-month plan not only aids in better
managing the company’s cash flow and payback period, but also ensures that users will engage
with the service for at least a year, increasing minimum tenure. This extended tenure allows for
greater data accumulation and enables precise responses to actions that signal churn risk.

Another, non-exclusive, approach involves leveraging engagement through discounts, trials,
and personalized offers tailored to the user’s needs. Demonstrating the benefits of the services
offered and their impact on individual utility is the most effective way to encourage the user to
engage with the product. The more consistent and essential the usage becomes, the more the
perceived value and willingness to pay increase (barring any external issues affecting purchasing
power).

A third, complementary approach involves employing gamification. Human biases toward
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competition, achievement, and goal attainment provide the emotional background for fostering
engagement with a SaaS platform. Allowing users to view their achievements through badges,
leaderboards, or visual representations of SaaS usage levels (such as a progression bar or sound
notification) enables tracking engagement and encourages users motivated by progression to
reach higher levels of usage[44]]. Without resorting to manipulative tactics, which only have
destructive long-term effects, a win-win condition can be created, allowing users to recognize
the product’s value while enabling the company to minimize churn risk due to engagement
inefficiencies.

Churn is directly linked to each user’s LTV: while differentiated pricing boosts revenues, re-
taining a stable ARPU for as long as possible extends the SaaS business’s lifespan and enhances
the so-called magic number—the ratio of Customer Acquisition Cost (CAC) to LTV—allowing

for efficient investment in product promotion and user acquisition resources.

4.4.4 Implementing Add-ons

Previously, we discussed the introduction of add-ons in relation to the potential for dynamic
responses to changing user behaviors. Also known as plug-ins, add-ons are software compo-
nents (in this case, SaaS) that add functionalities to an existing program. These add-ons are
distinct from the features that differentiate one pricing plan from another and can be purchased
individually to customize the user experience. Sometimes, they may be purely aesthetic (such
as graphic customization of the service) or add practical features, such as integration with third-
party software, additional storage, or artificial intelligence tools for data management.

In the SaaS landscape, differentiation does not stop with single and tiered pricing. There
are various ways to increase the user base, conversion potential, engagement, and retention. As
discussed in Chapter 2, there may be freemium plans tied to resource usage or, as in this case,
add-ons that enhance the perceived value of the software, either through discounted access to
additional features or by offering valuable functionalities at full price. Add-ons can be used in
both ways, with the primary goal of increasing the user’s Lifetime Value (LTV).

Based on dynamic variations in behavior, it is possible to track users’ needs by analyzing
catalog navigation patterns and the level of interest shown in specific add-ons over others. A
recommendation system based on other users within the same cluster can further enhance this
strategy. Once again, SaaS infrastructure allows companies to evaluate whether developing
such services aligns with the software’s architecture and whether their implementation adds
sufficient value to justify the development costs. However, if a service analysis shows that
offering such solutions is feasible, it can contribute to both profit maximization (by increasing
revenue through additional purchases beyond the subscription, thereby raising ARPU) and the

extension of LTV through enhanced engagement.
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4.4.5 Obstacles to the Implementation

Although a range of possibilities for employing a proactive, dynamic, and automated approach
has been outlined, it is not always possible to overcome all obstacles related to implementing
such a strategy. Technical issues, regulatory compliance, data privacy management, cookie poli-
cies, and data quality can hinder the efficiency of these actions. At the data level—necessary
as the “fuel” for machine learning models—regulatory constraints, and even user feedback re-
garding perceived unfairness due to pricing discrimination can present challenges in building
an effective monitoring system.

For instance, countries in the European Union, among others, impose stricter regulations
compared to the USA, both in terms of Al-driven product development[45] and cookie/data
management as per the GDP This results in limited tracking options if users do not con-
sent to cookies and imposes restrictions on retaining certain types of information. In countries
like China, SaaS providers face additional structural challenges: for example, they must host
their domains and databases on Chinese servers[46], potentially leading to increased costs and
complexities that may impact profitability despite user acquisition. Tracking user behavior in
these areas becomes more stringent, reducing the efficiency of clustering and dynamic pricing
offerings.

In addition to regulatory and structural issues, there are also technical difficulties in iden-
tifying suitable machine learning algorithms and models to monitor specific behaviors. Addi-
tionally, challenges related to maintaining positive user engagement and the perceived fairness
of pricing discrimination can arise. As discussed in Chapter 2, effective price discrimination re-
quires that consumers are unable to circumvent assigned pricing. Beyond the risk that informed
users may churn due to perceived inequality, the ability to take actions that might lower prices
poses a challenge.

For instance, while it is crucial to track behaviors to determine appropriate pricing, there
is also the risk that these behaviors become recognizable and manipulable by users. Certain
economic scenarios allow for price variations as trade-offs between the product’s current and
future value—for instance, paying a higher price now versus waiting for a seasonal discount, as
seen with Black Friday sales. However, at other times, users’ deliberate price manipulation can
undermine the architecture of clustering and price discrimination algorithms.

A low NLP score might, for example, influence the likelihood of increasing churn rates,
potentially prompting discount offers. In this case, a cost-conscious user—aiming to reduce
the company’s revenue intake—could engage in forums or leave reviews that negatively impact
sentiment analysis. Such behavior may not truly reflect the user’s actual engagement level and
could artificially inflate their perceived risk of churn. To mitigate this, it would be beneficial
to assign different weights to various characteristics; for instance, using a product infrequently

over a prolonged period is more indicative of engagement than an intentionally negative NLP

“!General Data Protection Regulation (GDPR) is a European Union (EU) law that protects the privacy and
security of personal data.
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score. Indeed, it is unlikely that a user would forego using a useful, already-purchased service
solely to secure a lower price.

It is thus essential to consider these relationships when designing a dynamic pricing system.
Some manipulations are challenging to counteract—for example, when a full-paying user seeks
a discount code or feigns churn to receive a retention offer at a reduced price. However, by
structuring these challenges adequately, the system can become more efficient where human
behavior surpasses simple clustering calculations.

Other obstacles may directly affect the predictive capabilities of regression or decision-
making models. For example, when the user base is small and underfitting is a risk, reinforce-
ment learning models or scenario analysis (on varying behavior scenarios) can be employed
to support the training of models synthetically. In this context, real data should be weighted
more heavily than synthetic data, which nonetheless contributes valuable insights into churn

likelihood and purchasing behaviors for each user.
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5 Discussion of Results and Conclusion

This thesis aimed to analyze the benefits of price discrimination within the SaaS sector through
the use of algorithms and the computational power of Machine Learning. Technological tools
and computational techniques make it possible not only to handle the complexity of economic
analyses and decisions but also to automate responses in real time. Through the application
of these algorithms and techniques, it has been concluded that economic inefficiencies driven
by information asymmetry, which separates the consumer from the producer, can be partially
mitigated by capturing information that, while not explicitly defined, can be collected through
the interplay of multiple characteristics.

As introduced in the initial chapter, the SaaS field is increasingly relevant and growing.
Compared to other business types, it is more affected by market volatility. The intangibility of
the products and services offered makes it difficult to clearly define consumer value and their
resulting willingness to pay. However, it is precisely this structure, thanks to its fully online
nature, that enables the precise capture of essential information required for calculating costs,
revenues, KPIs, and appropriate methods of price discrimination.

In Chapter 2, the industrial economic theory underlying the SaaS business model and its
cost/revenue structure was discussed, identifying the market type as monopolistic competition.
In the short term, this model assumes certain monopoly characteristics despite the presence of
competition from other companies differentiated by products, technology, and innovation. Fur-
thermore, by describing the different types of price discrimination, it was possible to understand
how these assumptions can be applied in the SaaS context and which conditions are beneficial
for further investigation through machine learning algorithms.

The third chapter was dedicated to this purpose, with an in-depth focus on statistical tech-
niques and machine learning approaches relevant to the initial research question. These were
subsequently used in the analysis and model development in Chapter 4, where, through the ap-
plication of a synthetic dataset, it was possible to quantitatively compare metrics and assess the
revenue benefit brought by pricing differentiation versus a single-price strategy.

It was agreed that, by tracking data and clustering, it is possible to segment different market
demands and identify an optimal price for each, transferring excessive consumer surplus into
producer surplus. This approach maximizes revenues and, consequently, profits, as hypothe-
sized in the research question.

In these concluding sections, the strengths and limitations of this approach will be objec-
tively discussed, along with a summary of related questions that, due to academic constraints,

were not addressed.
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5.1 Interpretation of Simulation Results

As highlighted in the previous chapter, the results of applying clustering models for revenue
and profit growth show a clear advantage when compared to the metrics analyzed under a single
pricing strategy. Referring back to the quantitative data, the increase in revenue—accounting
for a decrease in churn rate—was significant enough to justify the added complexity of a tiered
pricing model. This approach, with an equal number of users, enabled a substantial improve-

ment in overall gains.

5.1.1 Discussion of Empirical Results Obtained from the Simulation

The economic implications of this result are substantial and will be explored in the following
section. Here, however, the focus is on the empirical validity of the study’s findings. It is
important to note that these results are derived from a synthetically constructed database rather
than real-world data extracted from actual user behavior. Nevertheless, the empirical value of
this study remains significant, as it models a typical SaaS environment and focuses solely on
the numerical insights of metric changes while excluding derived impacts on metrics such as
churn and costs.

Indeed, by excluding secondary responses to changes—which are difficult to predict due to
the influence of competitors and the broader user ecosystem—the benefits of adopting differen-
tiated pricing become clear. This approach allows for increased revenue opportunities even in
saturated markets, as it captures the existence of different demand curves within the aggregate
demand. Additionally, the value of using machine learning algorithms as both a simplifier and
enhancer of clustering and regression calculations is confirmed within the analytical approach
taken in this study. Machine learning plays a fundamental role in initially identifying different
pricing tiers and later automating dynamic pricing and offer decisions based on user behavior.

Without leveraging the computational power of modern technology to implement statistical
concepts through machine learning, much of the potential reactivity and efficiency available
to a SaaS business is lost. Machine learning enables the identification of patterns that would
otherwise be concealed from human judgment, potentially through unsupervised models like

neural networks, principal component analysis (PCA), or deep learning methods more broadly.

5.1.2 Comparison with Theoretical Expectations and Practical Implications

As introduced at the beginning of the conclusion, the expectations regarding the adoption of
price discrimination supported by machine learning have been met in the practical analysis
and implications obtained. Initially, the question was whether the trade-off of increased pric-
ing complexity could lead to higher revenues by maximizing output. The results confirm that
implementing tier-specific pricing, following clustering analysis, has the potential to increase

profit—even to the point of maximization—by favoring differentiated pricing over uniform pric-
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ing.

The company’s approach of targeting the consumer’s excessive surplus directly highlights
the structural inefficiency within this type of market, where imperfect knowledge of the con-
sumer’s willingness to pay (WTP) generates inefficiencies. These inefficiencies prevent the full

extraction of profit above the relatively low marginal costs typical of the SaaS market.

5.2 Economic and Strategic Implications

The economic implications of this research are numerous within the field of reference. Ini-
tially, it was discussed how small differences, especially in more niche markets like those of
Micro SaaS, can be the decisive factor between value creation and, consequently, the long-term
sustainability of a company versus bankruptcy.

For the economic environment, ensuring that value is produced is critical to general growth,
as this is only achievable when a company can sustain itself over time. This ability allows
value to be provided to users and wealth to be generated for the broader stakeholders within
the ecosystem. Consistent growth, along with increased revenues, enables investment in future

innovations, further reinforcing this cycle.

5.2.1 Reflection on Economic Implications for Small SaaS Companies

In particular, reference can be made to the impact on Micro SaaS. It has already been high-
lighted that raising revenues while maintaining user quantities is made feasible through price
discrimination. This is an extremely valuable property for a Micro SaaS where, due to its niche
market and the rapid potential for market saturation, an alternative approach to simply expand-
ing the user base is required to sustain growth over time.

Additionally, considering the monopolistic competition phase, it is important to remem-
ber that this applies primarily in the short term, while, in the long term, competition lowers the
demand curve due to the increasing homogeneity of competing offerings, which brings the will-
ingness to pay (WTP) closer to marginal costs. Therefore, increasing revenue before reaching
this point—thanks to price discrimination—enables the accumulation of resources to invest in
the development of features that further differentiate the business from the competitive ecosys-
tem surrounding it.

This approach maintains a monopolistic competition structure in the short term, allowing the
Micro SaaS to capitalize on this favorable structure for a more extended period. Furthermore,
the research can result in the creation of new products, expanding the user base and available
market share. This ensures the company’s growth not only over time but also in terms of em-
ployees involved, thus increasing value for society and the economic environment in terms of

wealth redistribution and overall well-being.
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5.2.2 Strategic Recommendations Based on Research Findings

The findings from this research support a series of targeted strategic recommendations aimed
at enhancing revenue potential and sustaining user engagement for SaaS companies. By im-
plementing focused adjustments and streamlining actions into core strategies, companies can

maximize the benefits of a differentiated pricing model.

e Prioritize a Tiered Pricing Structure with Value-Based Add-Ons: Introducing a tiered
pricing structure, alongside targeted add-ons, can better address diverse user segments
with varied willingness to pay. Offering tailored value within each tier—such as premium
features or extended services—allows users to see the advantage in moving up tiers or
adding components that improve their experience, leading to higher revenue per user

without the need for aggressive upscaling.

» Leverage Predictive Analytics for Dynamic Adjustments: Utilizing predictive analytics to
monitor user behavior and engagement in real-time can guide pricing adjustments based
on evolving needs. Predictive insights allow the model to identify user churn risks, high-
light engagement opportunities, and optimize pricing in response to trends. By making
data-driven adjustments, companies can tailor pricing to reflect actual user value percep-

tion, which reinforces user satisfaction and retention.

» Enhance User Engagement to Drive Retention and Value Perception: A focused engage-
ment strategy, starting with personalized onboarding and followed by relevant feature
suggestions, creates immediate and lasting user value. When users understand and expe-
rience product benefits early on, they tend to remain engaged, perceive a higher value in
the service, and, ultimately, increase their lifetime value. Proactively responding to user
behavior also helps keep them involved, while strategies like gamification and periodic

updates can sustain engagement over time.

* Incorporate A/B Testing and Pilot Adjustments for Optimal Pricing Decisions: Testing
pricing changes on smaller user groups allows companies to refine their approach based
on real-time feedback before scaling adjustments. A/B testing different price points, fea-
ture bundles, or add-on offerings enables insights into user preferences and responses,

helping SaaS providers reduce risks and adjust prices based on verified user reactions.

* Maintain Transparency and Compliance to Foster Long-Term User Trust: Adhering to
privacy and data compliance (e.g., GDPR, CCPA) and practicing transparency in pricing
policies establishes trust with users. This clarity minimizes perceived price manipulation,
which can lead to churn. Transparent communication around data use and personalized
pricing further reinforces a fair and user-focused approach, especially when implementing

a differentiated pricing structure.
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Through these strategic actions, SaaS companies can leverage a data-driven, user-centric
pricing model to maximize revenue and encourage long-term loyalty. This balanced approach—by
merging actionable insights, compliance, and dynamic engagement—enhances the company’s
competitive position, enabling sustainable growth and added value for users and stakeholders
alike.

5.3 Limitations and Future Development

The limitations of this research stem from the academic nature of the study. Economic practice,
unlike theory, cannot be fully captured in simplified models that often overlook the contingent
complexities of real-world scenarios. Therefore, it is not possible to distill every case within
the SaaS domain into a universal principle.

The approaches examined in this research may not suit all business models, particularly
those with unique cost structures, variations in market payment capacity, or distinct price sen-
sitivities due to differing levels of competition. However, the implications drawn from the
findings serve as an adequate foundation for evaluating the feasibility of applying these models
to a business’s specific circumstances.

In the following section, we analyze several final considerations regarding the limitations of

this study and the model applied.

5.3.1 Simplistic Model

The current model relies on a synthetic dataset constructed based on theoretical assumptions
about customer segmentation and pricing. In a sense, the findings from the EDA and clustering
analyses are directly influenced by the initial construction of this dataset. Working with data
from real users could yield unexpected results, potentially diverging from the initial assumptions
and leading to both quantitative and strategic shifts. While the benefits of certain algorithms
remain valuable, it is essential to understand the outcomes from studying a real-world dataset to
effectively select exploratory analyses, define clustering, and establish appropriate tiered pricing
levels.

Seasonality is another critical aspect, as are trends identified by time series analysis methods
commonly used in real-world settings, such as ARIMA and Holt-Winters models. Conducting
a more in-depth study of time series allows for better understanding of the factors driving churn
and engagement, thereby supporting a more accurate and effective approach to dynamic pricing.

Moreover, as implied but now highlighted, the influence of external market conditions can-
not be overlooked. Economic events, regulatory changes, shifts in market demand, techno-
logical advances, and competitor activity can dynamically alter results and users’ willingness
to pay (WTP). This further complicates the task of identifying optimal pricing strategies that

effectively maximize profits while minimizing churn and capturing user surplus.
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Addressing these limitations in future studies will allow for a more comprehensive under-
standing of differentiated pricing in SaaS. By refining these models, incorporating actual user
data, and adapting to diverse market dynamics, future developments can expand the applicabil-
ity of these findings, ultimately creating a more robust and actionable framework for revenue

optimization in SaaS environments.

5.3.2 Examples of More Advanced Developments

The model presented in this research can be therefore expanded to accommodate a range of
sophisticated advancements, addressing some limitations observed in the application of pricing
discrimination for SaaS. By enhancing the model through advanced data integration, deeper
predictive analysis, and refined user segmentation, it is possible to develop a more adaptive
and nuanced pricing strategy that aligns closely with real-world conditions. These improve-
ments aim to elevate the model’s responsiveness to user behavior, increase pricing accuracy,
and ultimately maximize revenue while reducing churn.

For example, integrating real-time data tracking into the model could provide a more im-
mediate understanding of user engagement metrics and responsiveness to pricing adjustments.
Such a real-time update system would allow the model to react dynamically to changes in user
behavior and preferences, enabling timely adjustments to both pricing tiers and retention strate-
gies.

In addition, advanced machine learning techniques, such as neural networks or Principal
Component Analysis (PCA), could reveal latent patterns within user data, enabling a more
granular segmentation that captures subtle differences between users. These techniques would
support a more precise approach to personalized engagement, potentially increasing user satis-
faction and willingness to pay (WTP) for additional features or tiers.

Moreover, implementing a robust testing and validation framework, such as A/B testing and
scenario analysis, would allow for an empirical assessment of pricing strategies, comparing
different approaches to user retention and revenue outcomes. This kind of structured testing
would improve the decision-making process, allowing for optimized dynamic pricing that aligns
with user behavior trends and market conditions.

Another critical enhancement is constant fine-tuning of the model parameters to ensure ac-
curacy in response to shifts in user behaviors and external market factors. Fine-tuning entails
periodically updating the model with new user data and adjusting algorithm weights based on
recent trends in user engagement, WTP, and churn rates. This ongoing adjustment allows the
model to learn from new patterns and anomalies, optimizing its performance over time and
adapting the pricing strategies to ever-evolving user and market dynamics.

Lastly, integrating external market data on competitor pricing and demand trends would
enable the model to adapt its pricing strategy to the broader competitive landscape. By contex-
tualizing user data with market conditions, the model can enhance its pricing precision, making

it better suited to changes in user WTP in response to external factors. This capability would
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also support targeted engagement initiatives, where pricing is adjusted based on anticipated
shifts in user demand or market competition.

In conclusion, this thesis aims to introduce a topic and establish a foundation for research
that can later be expanded and specialized within more complex frameworks. These frameworks
would be based on data reflecting membership in structures that are more interdependent on data

and the factors influencing them.
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