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Abstract: This study presents the algorithm - Victoria - an approach that demonstrates there are pa-
rameters @, k, j considered optimal that guarantee the player will always have an advantage over the
house in sports betting field in the medium and long run with guaranteed satisfactory profits. After
n Small Blocks (j») and Intermediate Blocks (IBs) containing k independent events with the same prob-
ability p, we conclude that the cost-benefit ratio over the value in a sequence of independent events
[ (success block) > C (failure block) is always the case. Taking into account the possible impacts of
Victoria on Decision Theory as well as Game Theory, a function 7(X:) called “Predictable Random
Component” was also observed and presented. The n(Xr) function (or fv(X:) in the context of VNAE)
refers to the fact that within a game in which the randomness factor in a uniform distribution is cru-
cial to it, any player who has advanced knowledge of randomness added to other additional actions,
whether with the support of statistics, mathematical, physical operations and/or other cognitive ac-
tions, will be able to determine an optimal strategy whose results of the expected value of the player's
payoff will always be positive regardless of what happens after n sequences determined by the
player. In addition, the possibility of the existence of a new equilibrium was also observed, thus re-
sulting in the Victoria-Nash Asymmetric Equilibrium (VNAE) theorization. We develop a rigorous sta-
tistical foundation, incorporating Markov processes, Brouwer’s fixed-point theorem, and statistics
convergence to validate the existence of asymmetrical advantages in structured random systems.
And anchored by the Stirling Numbers, the Law of Large Numbers, the Central Limit Theorem,
Kelly's Criterion, Renewal Theory, Unified Neutral Theory of Biodiversity, Nash Equilibrium and
Monte Carlo simulation itself, for example, the proposed new equilibrium is expected to be a solid
mathematical model suitable for modeling games in which one of the players tends to have asym-
metric advantages. In this sense, VNAE is an extension of the classic Nash Equilibrium, Stackelberg
Equilibrium, and Bayesian Equilibrium. Victoria has shown that by understanding the general be-
havior of randomness through statistics, we can, in a way, partially “predict” the future and shape it
in our favor. Furthermore, in Game Theory, it is hoped that the impact could be relevant to better
understanding and adapting concepts such as stochastic games, asymmetric games, zero-sum games,
repeated games and imperfect information games, for example. By bridging gaps between theory
and real-world applications, this work positions the VNAE as a foundational tool for interdiscipli-
nary advancements in decision-making under uncertainty.

Keywords: Randomness, Sports Betting, Decision Theory, Game Theory, Statistics, Probability The-
ory

1. Introduction

The study of randomness and its application in different areas of knowledge has been a recurring
theme in statistics, game theory and behavioral economics. Traditionally, games of chance and sports
betting are structured in such a way as to guarantee a statistical advantage for the house, making
overcoming this model a mathematical and theoretical challenge. However, this study presents the
Victoria methodology, an approach based on statistics and the true nature of randomness that
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proposes a new paradigm: the possibility of achieving a sustainable advantage for the bettor in the
long term.

The research assumes that it is possible to identify optimal configurations/parameters - ¢, k and
j - that will - at least theoretically - ensure a mathematical expectation for the gambler.

Through a rigorous probabilistic model, anchored in the convergence of probability, the Law of
Large Numbers, the Central Limit Theorem and Monte Carlo simulations, the study shows that cer-
tain configurations allow the player to obtain a return greater than the risk involved in the long term.

In addition, the author, anchoring himself in the rich bibliography left by his colleagues over
time, such as Stirling Numbers, Renewal Theory, Unified Neutral Theory of Biodiversity, Nash Equi-
librium, Kelly Criterion, among other related topics, proposes the Predictable Random Component
(1) function in game theory. This function 1(X:) (or f(X:), in VNAE) suggests that, even in scenarios
dominated by randomness, advanced knowledge of probability distributions and randomness can
significantly influence the expected results, even in a game whose basis is dominated by randomness
in a uniform distribution.

This approach leads to the formulation of the Victoria-Nash Asymmetric Equilibrium (VNAE), a
concept that is hoped to extend beyond the field of sports betting, with possible applications in cryp-
tography, social and biological sciences as well as other academic domains.

In this way, this study not only challenges the traditional conception of randomness and the
motto “the house always wins”, but also opens up new writing on the wall for the application of statis-
tical techniques in strategic decision-making in probabilistic environments.

In addition, the author, aware of the controversies in the world of sports betting, has taken care
to analyze the betting scenario in a way that encompasses different perspectives from mathematics,
statistics, game theory, psychological biases according to psychology, as well as business practices in
this market, analyzing the strengths and possible limitations found by the proposed model in the real
world applications.

2. Methodology

The methodology employed consists of the fact that this study can be considered qualitative and
quantitative at the same time.

Throughout this thesis, all of the content relating to the theoretical framework follows a logic that
goes exclusively through areas such as Statistics and Probability, the world of gambling, Physics as
well as approaches from Behavioral Economics, Decision Theory and Game Theory, in which the
author after studies also aimed to raise possible impacts of Victoria as well as new approaches, reflec-
tions and possible contributions to these fields.

With regard to the quantitative aspect and sampling, we can say that it has been strongly influ-
enced by Stirling Numbers and by Probability Theory itself. When analyzing duplicate values in ran-
dom numbers sequence given an interval [0, 1], considering a uniform distribution, we will see that
from a sample of n=100 we will find a tendency for the numbers to converge at 63.2%, which is in-
creasingly clear as we increase our sample. In this sense, 100 or any other value close to 100 was
chosen as the reference for the general blocks and intermediate blocks.

The author considered analyzing long-term profit and loss scenarios by considering two main
groups of parameters: I. ¢ =1.02, k=50 ej=2; II. ¢ =1.04, k = 33 e j = 3. In addition, the author has
also taken care to highlight other possible configurations as having the potential for positive mathe-
matical expectation in the long run, for the author and/or the academic community to analyze.

As this is a study with a new approach and, therefore, the probability distributions are not yet so
clear and may be different according to different configurations of ¢, k and j, the author opted to
consider a frequentist approach and, therefore, due to the results presented in the Shapiro-Wilk tests,
the use of the Bootstrap confidence interval presented by Efron and Tibshirani (1994) was considered
the most appropriate model in all the analyses.

In addition, in order to state whether a given general or intermediate block was positive or neg-
ative in terms of profit for the bettor, the use of cumulative sum was considered, as well as graphical
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analysis (in which the author considered different sources in order to make it clearer) and the results
on Return on Investment (ROI).

2. Theoretical Framework

2.1. Convergences in Probability

As Evans and Rosenthal (2004) pointed out, the concept of convergence is fundamental in math-
ematics. However, when we are dealing with random variables, it is very counterintuitive and more
complex to understand, since if something converges to a certain result, how could it be random?
Well, as a basic definition of convergence, which opens up countless other applications, we have:

Let Xi... X2... be an infinite sequence of random variables, and let Y be another random vari-
able. Then the sequence {Xx} converges in probability to Y, if for all n]irgo P(|Xn-Y|>¢€) =0,e>

0, and we write Xn A Y.

According to Talagrand (1996), if we were to ask ourselves which is the main theorem in the field
of probability studies, we would probably say that a strong candidate would be: “in a long sequence of
tossing a fair coin, it is likely that head will come up nearly half of the time”. This law is a fundamental
theorem of probability that describes the behavior of the average of a sequence of repeated random
experiments, i.e. the more experiments are carried out, the closer the average of the results is to the
expected value. This question, as also corroborated by Packel (2006), serves as an intuitive introduc-
tion to the Law of Large Numbers.

Maclnnes (2022) shows us an example, considering the toss of 10 fair coins and analyzing the
result of heads or tails in 10,000 tosses. It was observed that in a few tosses there was a large deviation
up or down from the expected mean, however, with the increasing number of tosses we see the values
of the proportion of heads and tails through the force of the law of large numbers converged to ap-
proximately 50%.

Through Figure 1 we can see that, as Maclnnes (2022) rightly points out, although in the long
term we expect the values to converge towards certain points, along the way we can observe various
fluctuations in the sequence of heads or tails, and it is basically inconceivable to 'predict’ in the short
term the proportion of heads or tails to come out in such a way that a bettor has some kind of ad-
vantage.

0.15
0.10 4
0.05 -

0.00 + ' . . ‘ . . r r r
Figure 1. Convergence analysis for 10,000 fair coin tosses by MacInnes (2022).

2.1.1. The Weak Law of Large Numbers (WLLN)

Let {Xi}iz1 be a sequence of independent and identically distributed random variables with finite
expected value E[Xi] = y. Then, the sample mean:
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converges in probability to y, i.e.,

Ve>0, lim P(|X,—p|>¢€) =0.
n—roo

We can say that the probability of the sample mean deviating from u by an amount greater
than € converges to zero as the sample size increases.

As Blitzstein and Hwang (2019) point out, convergence in probability by the weak law of large
numbers does not guarantee that the sequence of sample averages will eventually stabilize around
. It only ensures that, for sufficiently large sample sizes, the averages will be close to u with high
probability. Furthermore, the WLLN is usually demonstrated by applying Chebyshev's Inequality or
through Khintchine's Theorem, which only requires the existence of a finite expected value.

2.1.2. The Strong Law of Large Numbers (SLLN)

SLLN establishes almost certain convergence (or convergence with probability 1), which is a
stronger form of convergence:

P(lim %o =u) =1

this implies that the set of results in which the sample mean does not converge to p has zero
probability.

Almost certain convergence as highlighted in SLLN implies that over an infinite number of rep-
etitions of the experiment, almost all sequences of sample means will converge to . In terms of com-
parison, this is a much stronger statement than convergence in probability in WLLN, as it implies
stability over the complete sequence of observations. To arrive at a proof of SLLN we often use Mar-
tingale Convergence Theorems or the Kolmogorov Series, for example, which require stronger as-
sumptions, such as the existence of second-order momentum (i.e., E[X?] < ).

For the purposes of differentiation, below is a table comparing the weak law and the strong law
of large numbers:

Table 1. Comparing the strong law of large numbers with the weak law of large numbers.

Approach WLLN SLLN
Type of Convergence in probability. Convergence is almost certain.
Convergence
Formulation ) A Pllimn—a Xo=p0) =1
Strength of Weaker (does not guarantee stability)  Stronger (guarantees stability in the
Convergence complete sequence)
Hypotheses E[Xi] = a0 It usually requires E[X7] < oo and

independence

Proof Methods Chebyshev mequality, Khintchine Martingale Theorems, Kolmogorov
theorem Series

2.1.3. Central Limit Theorem

As Stevenson (1981) pointed out, the Central Limit Theorem probably represents the most im-
portant concept in statistical inference. This theorem states that, under certain conditions, the sum (or
mean) of a large number of independent and identically distributed (i.i.d.) random variables tends to
follow a normal distribution, regardless of the original distribution of these variables.
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Consider a sequence of independent and identically distributed random variables X3, Xz, ..., Xu,
with expected mean p and finite variance 02. The Central Limit Theorem states that the standardized
variable:

_ Z?:] Xi — N
o\/n

converges in distribution to a standard normal variable N(0,1) as n—¢. In mathematical notation:

Zn

Tl Xz —n
lim P Zic s <z | =®(2)

n—00 o \/ﬁ
where @(z) is the cumulative distribution function of the standard normal distribution.
As Blitzstein and Hwang (2019) highlighted, for the validity of the CLT, the following conditions
are generally required:

e Independence: the variables X: are mutually independent.

e Identically Distributed: all Xi have the same distribution with mean y and variance 02< .

e Finite Mean and Variance: the existence of a finite mean and variance is crucial to guarantee con-
vergence to normality.

2.2. Monte Carlo Simulation

Simulation is an essential tool for understanding the phenomena of the world around us.

According to Fernandez-Granda (2017), Monte Carlo methods use simulation to estimate quan-
tities that are difficult to calculate exactly. We can say that the Monte Carlo method was developed
through Ulam and Metropolis (1949) as well as with significant contributions from John von Neum-
man, whose initial approaches began in 1946 and were later improved in the Manhattan Project and
other subsequent years.

According to Kleiss (2019) Monte Carlo Simulation has been very important for scientific and
industrial progress and its applications can be found in many other fields of study. According to
Fernandez-Granda (2017), when we apply Monte Carlo Simulation we will also see natural conver-
gences. As pointed out by Rajhans and Ahuja (2005), Monte Carlo simulation is characterized as a
means of imitating the real world and has proved to be another case in which we can see that it has
led to improvements in the industrial production process.

In the field of business administration, according to Nwafor (2023) Monte Carlo simulation is
very useful in managerial decision-making processes. In the field of archaeology, McLaughlin (2023)
raised the importance of adopting a more quantitative approach rather than verbal descriptions as a
way of increasing precision and reducing human bias in certain activities.

When we look through the literature, we see that monte carlo simulation goes far beyond its
original proposal and has a transversal character, covering basically all fields of science. In the field
of computer science, Cunha Jr. et al. (2014) shows that parallelizing the Monte Carlo method in cloud
computing environments, using the MapReduce paradigm, offers an efficient solution to overcome
the method's computational limitations in complex simulations, thus reducing the time required as
well as the processing cost.

Moreover, the results of Guatelli and Incerti (2017), show us the applicability of this technique
to the field of medical physics by assisting in the decision-making process for the treatment of tumors
in patients. Through Favaloro (1990) we can see that monte carlo simulation has been used to assess
the variability in measurements made from angiograms and thus estimate the uncertainty associated
with these variations, for example.

In addition to the micro world, Monte Carlo simulation is also very influential in the macro
world, especially in helping scientists study the behavior of the universe, as presented by Trotta (2008)
and Baratta et al. (2023).
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2.3. Analysis of Duplicate Data in a Random Draw with Replacement and Uniform Distribution

2.3.1. Birthday Problem and Stirling Numbers

The birthday problem is one of the best-known paradoxes within the field of statistics due to its
counterintuitive results for the human mind. This paradox asks: how many people do we need to put
together in a group so that the probability of two of them having a birthday on the same day is greater than
50%?

Well, below is one of the best-known formulations for dealing with this paradox:

n!
v::.r e
(n — k)!
V; = nt
V;
P A — nr
(A) v

P(B) = 1 - P(A)
When we apply the formula, the answer is somewhat surprising, since with only 23 people, the
probability of at least two people having a birthday on the same day already exceeds 50%. This prob-
ability increases considerably as the number of people in the group grows, as we can see in the figure
below.

Birthday Paradox

Probability of a pair

0 20 20 60 80 100
Number of people

Figure 2. Graphical analysis of the birthday paradox.

The authors Yancey (2010), Mihailescu and Nita (2021), when dealing with the birthday paradox,
are some of the examples of the connection between the Birthday Paradox and both first and second
order Stirling Numbers to analyze the probability of occurrence of one or more conicidences of ele-
ments within a given set.

By delving into the topics of Stirling numbers, whether they are First Order or Second Order, we
can be able to realize how powerful this set of techniques is for the field of mathematics and statistics
and that, according to the authors Bagui and Mehra (2024), it is incredibly little debated within this
universe of numbers. Likewise, through this paper, I hope to contribute to the propagation of this
technique, which could be even more useful for new approaches in the field of studies on random
variables and convergences in probability.

According to Riedel (2024), when dealing with scenarios in which we want to know the number
of duplicate values in a list, we can simply apply the linearity of expectation and Stirling numbers, as
shown below:
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E[X(k)] =3 zP(X(k-1) =z) {1 — 2 +m}
EX(k)] =) 2 {P(X(Jc ) - ;P(X(k ~1)=z)+zP(X(k—-1) = m)}
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E[X(k)] =1—

T
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E[X(k)] = 1+ ( 1) FE[X(k - 1)]

E = H n
P Zk(k)“{k}
k=1
= '[-"IZk( ) iz - 1t
:—n ]E( )(exp(z}—n*
n—1
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= %”-’[:”]{CKP(Z} — Dexp((n —1)z)
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= —(" ~ (n = 1)")
H

When dealing with Stirling numbers in duplicate data, we can see that if we only consider a sam-
ple of n=100 numbers drawn with replacement, we will see that the numbers of duplicate data/values
in a list will naturally converge to approximately 63.2%. This value becomes closer and closer as we
increase our range of numbers drawn between a and b considering a uniform distribution.

2.4. On the Randomness Field

2.4.1. A Brief Historical Context and Its Meaning

Girolamo Cardano (1501-1574), through his paper written around 1526 and published posthu-
mously in 1663, entitled “Liber de Ludo Aleae” which, translated into English, “The Book on Games of
Chance”, took the first steps in the field of Probability Theory as a field of study.

After detailed analyses of various types of games of chance, Cardano translated by Sydney
Gould (1965) developed and documented in his seminal work a systematization of probability calcu-
lations, highlighting the importance and influence of sampling on results as well as being one of the
pioneers to raise the concept of expected value. As it was the Renaissance at the time, Cardano also
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left some reflections on the nature of uncertainty and its impact on human life and the world around
us.

According to Chaparro (2023), in the field of studies on statistics and randomness, Jakob Ber-
noulli and Abraham de Moivre can be highlighted as having had the most outstanding work in the
18th century. Regarding Jakob Bernoulli - Swiss and the first mathematician in the Bernoulli family -
we can mention that his main contributions came from his work entitled Ars Conjectandi “The Art of
Conjecturing” (1713), which contains his theorizations on permutations and combinations, as well as
establishing the central idea of Bernoulli's Law of Large Numbers and making it clear how he viewed
probability through relative frequency, that is, if we repeat an experiment several times, the relative
frequency of an event tends to approach the real probability of the event.

With regard to Abraham de Moivre (1738), who was a French mathematician who, in his paper
entitled “The Doctrine of Chance” and especially its 1756 version, provided the academic community
with the concept of statistical independence. As pointed out by Chaparro (2023), Moivre's other val-
uable contribution to Probability was through his other work entitled Miscellanea Analytica (1730).
With this 1730 work, de Moivre deepens and expands concepts pioneered by Pascal and Fermat in
1654 among his famous letters, his main contributions being the first versions of what later became
known as the Central Limit Theorem, on which Laplace (1810) continued this work, Binomial Ap-
proximation, as well as practical applications of probability calculus exploring concepts such as math-
ematical expectation aimed at games of chance as well as estimates of population parameters.

We can see that these aforementioned works were a great start in terms of mathematically for-
malizing the field of Probability Theory studies as well as randomness itself.

As Costa (2023) pointed out, the concept of “randomness” is too complex and all- encompassing.
This is probably due, according to Chaparro (2023), to the fact that the study of randomness as a
separate scientific field is relatively recent. However, in general, we consider something random to
be anything that refers to the lack of pattern or predictability in an event or result. It is the character-
istic of something that occurs by chance, without an apparent deterministic cause. In his study, Godel
(1940) made an interesting connection between randomness and the axioms of set theory. Godel ar-
gues that all sets are expected to be “definable”, i.e. based in some way on some structure or rules. The
problem arises from the fact that if all sets are definable, then the notion of randomness becomes
empty, since something truly random could not follow a finite rule.

It is common to confuse and even use as synonyms the word “randomness” and random pro-
cesses (also called stochastic processes). As we saw earlier, randomness refers to unpredictability as
something general in its individual scope, a single event, while random processes are commonly re-
lated to a sequence of random events over a period of time f given a probability distribution.

As you can see from the image, according to Costa (2023) within the field of study of randomness
we can come across various other areas ranging from probability theory to dynamic systems and
quantum physics. Therefore, we can infer that randomness is an interdisciplinary field, not only re-
maining within its core as it is usually related to statistics, mathematics and physics, but also being
an integral part and/or of discussions in apparently “more distant” areas, such as Biological Sciences,
Philosophy and Theology, for example.
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Figure 3. Ramifications of the field of study of randomness by Costa (2023).

Due to its scope, it is common for questions to arise within this field of study about the true
nature of randomness, especially in theology and philosophy when addressing issues related to free
will. Could randomness be completely random or is the randomness we consider purely due to our
ignorance of all the variables that permeate the world and universe we know?

According to Chaparro (2023), these thoughts began to emerge in ancient times through philos-
ophers such as Democritus, who firmly believed human beings consider something random simply
because they are unaware of the universe and all its particularities as a whole. On the other hand,
Aristotle raised the idea nature has patterns that could in no way have been part of chance alone.

Moving on to a time not so long ago, Albert Einstein also coined a well-known phrase in aca-
demic circles, stating that “God doesn 't play dice” when referring to the probable non- existence of true
randomness in the natural world.

The physicist Henri Poincaré, in his work “Science and Method” (1908), dedicated a chapter just
to dealing with the profound complexity of chance/randomness and, according to the visions and
studies shared by him, randomness is nothing more than the measurement of the ignorance of human
beings.

As also discussed, Kucharski (2016) highlighted Poincaré's 3 degrees of ignorance, the first de-
gree of ignorance being the act of knowing all the information about the variables behind a phenom-
enon considered random, so we could be fully able to represent mathematically through calculations
what the expected final results could be, just as with established physical laws, for example.

In the second degree of ignorance, Poincaré makes us reflect even if we understand the laws that
govern the universe, our ability to predict the future of an object is limited by two main factors: not
knowing the exact initial states and the limitations of measurements. This means that no matter how
precise our measuring instruments are, there will always be a degree of uncertainty about the initial
state of an object.

This uncertainty, however small, can amplify over time, making future forecasts increasingly
inaccurate, and this, for example, is easily verifiable and measurable through the Lyapunov time
scale, which states that there is a time lapse in which a system becomes chaotic, that is, until the level
of entropy increases considerably to the point of making any kind of long- term forecasting difficult.

Finally, the third degree of ignorance refers to the fact that we don't know the initial conditions
or the physical laws behind the observed phenomena.

In addition, the field of study in Complex Dynamical Systems, according to Knill (2019) and cor-
roborated by Akter and Ahmed (2019) aims to identify patterns through order in chaos (a determin-
istic system that is unpredictable) and the mathematical modeling of systems in motion in order to
identify their behavior and make predictions of phenomena, whether physical, biological or financial,
for example, as well as understanding the limitations of such predictions and their impacts.

These ideas about the possibility of the existence of “degrees of determinism” in the universe are
also corroborated by Machicao (2018) and Costa (2023).
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De Jouvenel (2017) shares a little about the myth of Cassandra and Oedipus as a form of repre-
sentation of the deterministic world. Both share a central theme: the powerlessness of human beings
in the face of fate. Both characters were aware of the future, but were unable to prevent it from being
fulfilled. While Cassandra is an example of how knowledge of the future does not guarantee control
over it, Oedipus illustrates how trying to avoid fate can lead to its fulfillment.

Normally, supporters of the “Deterministic School” such as neuroscientist Sapolsky (2023), apply
arguments similar to those mentioned by Aristotle and Democritus and, in recent years, with the
development of the field of study of Dynamic Systems, more specifically on the subfield called Chaos
Theory, whose pioneers were Henri Poincaré (1854-1912) and Edward Lorenz (1917-2008) there are
“patterns” that are present in nature that are undeniably fascinating both in mathematical and visual
terms.

Other examples that can corroborate the thesis of the Deterministic School are the so- called
Fractals. A Fractal, a word that comes from the Latin “Fractus” referring to something “broken” or
“fragmented”, was first coined by Mandelbrot (1977). We can say that fractals are geometric patterns
that present a repetitive pattern, what we can call “self-similarity”, which occur naturally, on different
scales or not, in various phenomena from nature to art. We can see that, in particular, the property of
self-similarity makes objects visually complex and fascinating.

We can say that there are several properties besides the remarkable self-similarity that make up
a fractal, among which we can mention the main ones:

e Fractal dimension: while Euclidean geometric objects (lines, planes, solids) have integer dimen-
sions (1, 2, 3...) fractals, on the other hand, have a “fractal dimension” which is a fractional num-
ber;

e Infinite Complexity: Fractals have infinite complexity, since their details can be repeated on smaller
and smaller scales, i.e. by enlarging a small part of a fractal, we will always find new details and
patterns;

e Irregularity: Fractals are generally irregular and do not follow Euclidean geometry;

e Self-organization: Many fractals can arise through simple processes of self-organization, in which
patterns can occur through a set of rules;

° Scale invariance: in addition to self-similarity, some fractals can also have statistical scale invari-
ance, i.e. their basic statistical properties can remain the same at different scales.

Furstenberg (2014) highlighted some of these aforementioned characteristics, especially by em-
phasizing the importance of “zooming in” on fractals to understand their properties in which this
process of repeated magnification reveals the intricate self-similar patterns that characterize fractals.
In addition, he highlights the significance of fractal dimension, which is a key concept in understand-
ing the complexity of fractals. In his paper we can see that he suggests this dimension is closely linked
to the study of ergodic averages in dynamical systems.

With regard to the presence of fractals and their properties in nature, we can easily give some
examples such as snowflakes, river bends, lightning during a storm, in which, like branches of a tree,
we can observe a series of repetitive patterns and ramifications similar to the “general structure”.
Furthermore, in some flowers, plants and vegetables we can notice a pattern of self- similarity, such
as Romanesco Broccoli, Succulents and Black spleenwort, for example, which we can see in the figure
below by Barnsley (2014) to the right of the so-called mandelbrot set.
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Figure 4. Mandelbrot Set (1977) by Diehl et al. (2024) and Black Spleenwort by Barnsley (2014).

In order not to deviate from the main focus, which is to address randomness, issues related to
Fractals as well as the field of Dynamical Systems itself can be further explored through some refer-
ences such as Knill (2019), Machicao (2017), Barnsley (2014), Goufo et al. (2021), Diehl et al. (2024) and
Youvan (2024), the latter four references addressing the concept of self-similarity and fractals with
more emphasis. For a more in-depth look at ergodic theory, we recommend the paper by Viana and
Oliveira (2014).

Another important point commonly discussed in the Deterministic School is the concept of self-
organization. We say that self-organization is the ability of a complex system to structure itself without
the need for external intervention or a predefined plan. In other words, self- organization occurs
when the components of a system interact with each other and, through these interactions, patterns
and structures emerge.

Sumpter (2005) argues that, despite the apparent complexity of many collective behaviours, such
as the formation of shoals, flocks of birds or ant colonies, there are relatively simple principles that
can explain their organization. The author also points out that simple mathematical models, based
on these rules of interaction, can reproduce many of the patterns observed in real collective behaviors.

Although it doesn't have a well-defined name in the bibliographies, we can also mention the
“School of Indeterminism”, which has a completely opposite approach to that of the Deterministic
School, whose central idea is based on the principle that everything around us is governed purely by
random factors, therefore, it is a game in which we cannot win, that is, by non-controllable and un-
predictable factors. We can also say that among the main examples in which this approach is very
present is through Quantum Physics and Quantum Computing.

Naturally, this school of thought is directly linked to the concept of the existence of free will. One
of its proponents is the neuroscientist Nicolelis (2020) who noted that the brain shows electrical sig-
nals and/or readiness potential around 500 milliseconds before a voluntary movement takes place. At
first glance, this seems to suggest that the brain “decides” before the person is aware of the decision.
Despite this, the author states that there is not enough evidence since free will may have manifested
itself before or during this process, even if the electrical activity precedes the physical movement.

We can also say about the possibility of a “Hybrid School” of thought in which it aims to unify
parts of what we know about the universe being deterministic at the same time as free will is present
in human beings.

2.4.2. Intuitions of Mises-Wald-Church

As pointed out by Terwijn (2016) and corroborated by Blando (2024), one of the first attempts to
conceptualize the term Randomness mathematically was through von Mises (1919). We can say that
it was von Mises who introduced the intuition that randomness must be something unpredictable.
As such, he proposed a concept called Kollektiv to refer to an infinite sequence of events that satisfies
certain statistical properties.

Of the two main features of the Kollektiv, we can say that the first is based on the central idea of
the Law of Large Numbers, in which the relative frequencies of different events must converge on
limit values. The second, however, is based on the idea that betting systems are impossible, i.e. it is
hoped that there is no system that will allow someone to predict the next results with sufficient accu-
racy to guarantee a long-term gain. The latter is strongly related to the basis of the Efficient Markets
Hypothesis, a theorization put forward by Fama (1998) that revolutionized the way investors and
economists view the financial market.

A short time later, two other authors, Wald (1936) and Church (1940), also made important con-
tributions to thinking about how we define randomness. Wald (1936) tried to analyze randomness
from the point of view of random sequences as models and thus developed statistical methods for
testing hypotheses by verifying, for example, whether a sequence was generated by a random process
or whether there might be some underlying structure. Church (1940) revised and extended von Mises'
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theory by mentioning the concept of countable sets and recursive theory to rigorously formalize ran-
domness, while at the same time being an important intuition for the emerging field of computing,
above all by defining randomness from the perspective of algorithmic complexity.

As argued by Terwijn (2016, p. 5) “we thus arrive at the notion of Mises-Wald-Church random-
ness, defined as the set of Kollektiv's based on computable selection rules”. Thus, the concept of ran-
domness as something unpredictable was derived through the intuitions of Mises- Wald-Church, and
was therefore all too important for the progress of Randomness Theory in the following years.

2.4.3. From Absolute Randomness to Algorithmic Randomness

2.4.3.1. Kurt Godel’s Incompleteness Theorems

Godel's Incompleteness Theorems (1931) whose work was translated from German into English
by Bauer-Mengelberg (1965) establishes two fundamental theorems. The first states that in any suffi-
ciently powerful formal system, such as Peano's Arithmetic, there are propositions that are true but
cannot be proved within that system. Therefore, we can say not all mathematical truths are accessible
through axiomatic methods. The second theorem complements the first by saying that a consistent
formal system cannot prove its own consistency.

We can say that, according Wolfram (2002) and corroborated by Terwijn (2016), Godel's theory of
Incompleteness (1931) was an important basis for the theory of computability as well as the theory of
automata and the theory of complexity.

This connection to Godel's work is strongly linked to the field of studying randomness, for ex-
ample, due to the fact that the modeling of chaotic systems cannot be completely described and/or
predicted. In this sense, systems that involve randomness can contain behaviors whose origin is not
entirely deducible.

Furthermore, the idea that some logical sequences cannot be deduced refers to a type of logical
randomness, as explored by Chaitin (1969) and (1975) in his theory of algorithmic complexity. In this
sense, Godel's Incompleteness Theorems (1931) show a form of fundamental limitation in mathemat-
ical knowledge, since they demonstrate that there are truths that cannot be proven within consistent
formal systems. This limitation can be seen as a kind of “structural uncertainty” in the very founda-
tions of mathematics, since not all truths are accessible by axiomatic methods. This perspective has
implications both for formal logic and for computability theory and the modeling of complex systems.

2.4.3.2. Borel's Absolutely Normal Numbers and Alan Turing's Approach

We know that Alan Turing's focus was on the principles of computing, more specifically, intelli-
gent systems. However, due to his strong interest in the field of cryptography, he was inevitably led
to delve into the nature of randomness. According to Downey (2017), Turing became interested in
the paper published by Emile Borel (1909) and the concept of normality.

As well documented by Downey (2017), Borel (1909) in his studies on the Law of Large Numbers
arrived, among other results, at the so-called absolutely normal numbers. Formally, we can say that a
number x is absolutely normal if, in any base b, each digit d in the set 0, 1, ..., b-1 appears with fre-
quency exactly 1/b throughout the infinite expansion of the number.

As a classic example originating from the Copeland-Erdos theorem (1946), if we consider a base
10, each digit between 0 and 9 must appear with a frequency of exactly 10% in the decimal expansion.
Therefore, for example, the combination of two digits such as “12” or “34” must appear with a fre-
quency of 1% and so on.

Copeland-Erdos (1946), motivated by the papers of Borel (1909) and Champernowne (1933),
showed that the sequence 0.pip2ps,..., where pi is the i-th prime, is normal in base 10. This means that
concatenating, in sequence, all the prime numbers expressed in decimal base generates a normal num-
ber that we can call the Copeland-Erdds constant, let's see:

0.2357111317192329313741...
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In terms of cardinality, we can say that the set of absolutely normal numbers is “almost” the set
of all real numbers. This means that if we choose a real number “at random”, the chance of it being
absolutely normal is 1, i.e. it is practically certain that it will be absolutely normal. Despite its near
certainty, proving that a number will be absolutely normal is too complex a task. This is because the
definition of absolute normality is very demanding: it needs to apply to all bases, not just one specific
base. It would be necessary to analyze the behavior of its expansions in all bases, which is a very
complex task in both mathematical and computational terms.

From now on, as Downey (2017) rightly points out, instead of dealing with the metaphysical
essence of absolute randomness, we will analyze randomness from now on through different levels
and angles.

According to Downey (2017), Turing states that in mid-1938, in one of his many unpublished
papers during his lifetime, he suggested an apparent connection between absolutely normal numbers
and computable numbers. Turing (1936) states that a computable number is one whose decimals can
be calculated by finite means, such as by a Turing machine or any other equivalent computational
model.

The core idea is that the numbers we commonly use in mathematics are not just computable, but
their computability might be a pathway to constructing normal numbers. Turing seems to be suggest-
ing that the very process of computing a number’s digits could be a method for generating a normal
number. We can say that this is a significant connection because explicitly constructing normal num-
bers is a difficult problem.

According to Downey (2017) and Becher (2012) Turing in his unpublished work “A Note on Nor-
mal Numbers” even proposed a theorem and proof for absolutely normal computable numbers. How-
ever, a few years later, in 1997, some disconnected points were found and, therefore, at first his proof
was not fully accepted until Becher, Figueira and Picci (2007) reconstructed the model keeping Tu-
ring's original ideas and came to the conclusion that despite the fact of some disconnected points in
the proof presented, Turing was right in his modeling thus confirming the existence of absolutely
normal computable numbers.

2.4.3.3. Martingales

According to Terwijin (2016), an alternative way of formalizing the notion of unpredictability of
an infinite sequence called martingale was presented by Ville (1939). We can say that a martingale is
defined as a stochastic process X = (Xt)ier adapted to a filtration (Fi)ict, where T is a set of indices
(usually discrete or continuous time), which satisfies the following conditions:

Integrability: V ter, E[IXel] <ee.

Martingale property: V' s, t € T with s <t,

E[X: | Fs]=Xs almost surely.

The martingale property means that, given knowledge of the past up to time s, the best prediction
for the value of X at future time ¢ is its current value X. In other words, there is no way to “predict
the future’ of the martingale process based on the information available.

As presented above, Ville (1939) showed that the non-existence of an indefinitely growing mar-
tingale is equivalent to Kolmogorov's classical definition of probability, providing a basis for sequen-
tial statistical tests and probabilistic inference.

A classic example of a martingale is a symmetrical random walk on a discrete number line. Let X
be a sequence of random variables representing the position of a player in a fair bet game. If in each
round the player wins +1 with probability 0.50 and loses -1 with probability 0.50, then the sequence
Xu, defined as the cumulative sum of these independent increments, forms a martingale with respect
to the natural filtering F», because the conditional expectation of the future position, given the past
history, is always equal to the current position:

E[Xu1|Fn] = Xu.

In addition to Ville (1939), Doob (1953) was another very important mathematician in the devel-

opment of fundamental results, such as the martingale convergence theorem. Despite its strong
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relationship with the concept of randomness, we can see that there are some fundamental differences
with the so-called martingales.

On the one hand, randomness is a broad concept that encompasses any process whose evolution
over time is governed by uncertainty, and which may exhibit statistical trends, directional fluctua-
tions or chaotic behavior. In contrast, a martingale is a specific stochastic process that satisfies the
property that the conditional expectation of the next value, given the available history, is equal to the
present value, implying the absence of a systematic upward or downward trend.

So, while randomness can manifest itself in a variety of formats, including processes with ‘bias’
or autocorrelation, a martingale represents a restricted subset of random processes in which, under a
suitable probabilistic model, the best predictor for the future is always the current state, making it
fundamental in probability theory. In summary, we can say that every martingale is random, but not
every random process is a martingale.

Some of the areas where martingales are applied include finance through option pricing, statis-
tics with sequential tests and physics through random walks, Brownian motion and superstring the-
ory, for example.

2.4.3.4. Martin-Lof Randomness

As Terwijn (2016) pointed out, Martin-Lof's (1966) approach dealt with randomness from the per-
spective of classical probability theory and measurement theory.

In this sense, Martin-Lof (1966) proposed that an infinite sequence of bits S = s1, s2, 53, ..., su is
considered random if it cannot be identified as non-random by any effective test of randomness.

A randomization test is a sequence of measurable subsets of the space of all bit sequences {0,1}~,
defined by

Ui2U22Us2++ Un

where each U is a set of measure 2, representing subsets where the sequence is not random at an
increasing level of precision. If a sequence belongs to all these U: sets, it is considered non-random.

The Martin-Lof universal test can be seen as the “most powerful possible test” of randomness,
because it encompasses all conceivable randomness tests that are computationally enumerable.

An S sequence is random in the Martin-Lof sense if it does not belong to the intersection

oo
) Un,
n=1

where Us is an effectively describable set with measure 2.

set

We say that these tests are related to the compressibility of the sequence by Turing machines,
that is, if an infinite sequence S can be described by a short program, it is not random. If no com-
pressed description is possible other than the sequence itself, S is random.

Martin-Lof's theorizing was surely one of the great revolutions in thinking about true random-
ness and in the deliberate search for how to measure it. In the following years, we saw the develop-
ment of a set of statistical tests of randomness such as the Diehard test by Marsaglia (1996) and the
battery of tests proposed by the National Institute of Standards and Technology, NIST, for example.

2.4.3.5. Algorithmic Randomness and Kolmogorov Complexity

The paper entitled “Grundbegriffe der Wahrscheinlichkeitsrechnung” by Andrey Kolmogorov
(1933), translated into English as “Foundations of the Theory of Probability”, we can say was a milestone
in the formalization of probability theory since Kolmogorov established the rigorous foundations of
probability theory using an axiomatic approach based on David Hilbert's set theory and Lebesgue's
integrals.

As we can see from Blitzstein and Hwang (2019), Kolmogorov defined probability as a function
P that satisfies three main axioms:

(1) P(A) >0 for all ACS
2) P©6)=1
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B) IfAnB=0,

Then (AUB) = P(A) + P(B).

In addition to the axiomatization of probability, we can also see that Kolmogorov in his seminal
paper defined the concept of probability space, which consists of a sample space, i.e. the set of all
possible outcomes of an experiment. He also defined an algebra of events, i.e. a set of subsets of the
sample space, as well as a probability measure, which refers to a function that assigns probabilities
to events.

Another notable contribution is the use of measure theory as a way of making it possible to deal
with continuous probabilities and events with zero probability, which until then had not been possi-
ble using the classical approach to probability. For these reasons, Andrey Kolmogorov is often recog-
nized as the “Father of Modern Probability Theory” .

We can say that the field of algorithmic randomness is a field of study that seeks to define and
quantify the concept of randomness in data sequences. Unlike traditional probabilistic approaches
which are based on statistical measures and probabilities, algorithmic randomness focuses on the
inherent complexity of sequences. In short, algorithmic randomness can be defined in terms of com-
putability and algorithms. Normally, this concept tends to become clearer when we talk about Kol-
mogorov Complexity. With regard to this concept, as Terwijn (2016) pointed out, it may be more
appropriate to consider at least three authors: Kolmogorov (1965), Solomonoff (1964) and Chaitin, all
of whom have made significant contributions to this seminal field of study.

Kolmogorov (1965) in his study provided the academic community with a model for quantifying
a sequence of data. As Vadhan (2012) highlighted the Kolmgorov Complexity refers to the length of
the shortest program, in a universal programming language, that generates a specific sequence that
we called it as string. The Kolmogorov Complexity can be defined as:

K(s) =min {|p| : U(p) = s}
where U is a universal Turing machine, an Ip| is the length of the program p.

We can that say there are two key properties: random strings and structured strings. We say a
string s is considered structured when there are obvious patterns and, consequently, they are less
complex and can be described using a short program.

Let's consider the following string s: = 01010101010101010101. You can see that there is a clear
pattern in this binary sequence - the repetition of “01”. In a compact program, we could easily write
“write 01” and “repeat 10 times”.

On the other hand, a random string s is one that satisfies the following condition K(s) = Is| in
which, according to Campani and Menezes (2001), it is not possible to extract an obvious pattern in
a given sequence of data by means of a Turing machine. Let's consider the following string s =
10110100101011010001. We can see that there is no obvious pattern that can be easily identified, so we
can say that it has a higher level of Kolmogorov complexity than sequences that have some kind of
pattern throughout the sequence.

In fact, not every string is comprehensible, which means that a random string has a Kolmogorov
complexity close to its original size. This theorizing in the successful attempt to measure the level of
randomness and compressibility of systems was very relevant to the field of studies on true random-
ness and, above all, to information theory.

2.4.3.6. Hardness vs Randomness

A few years later, another seminal paper in the field of algorithmic randomness and computa-
tional complexity entitled “Hardness vs Randomness” presented by Nisan and Wigderson (1994) ex-
plores the relationship between the difficulty of solving computational problems, i.e. “hardness”, and
the ability to generate pseudo-random numbers efficiently, i.e. “randomness”.

The authors demonstrate that, under the assumption of the existence of computationally difficult
functions, it is possible to construct efficient pseudo-random generators that reduce or eliminate the
need for genuine randomness in probabilistic algorithms. This result establishes a relevant theoretical
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connection in the field of complexity class studies, suggesting that if sufficiently “hard” functions
exist, then BPP = P.

The main implication of this paper lies in the possibility of transforming random problems into
deterministic ones. Therefore, we can say that this paper was a major turning point for the develop-
ment of optimization techniques as well as, among other examples, a more mature way of creating
and accepting certain pseudo-random number generator algorithms (PRNGs) as an integral part for
simulation and cryptography purposes.

The field of complexity theory usually unites the fields of computer science and pure mathemat-
ics. In this sense, it is often studied from different angles. As one of the most recent examples in the
timeline, Vega (2022), Vega (2024), in addition to having worked continuously on the proof of P = NP
in other manuscripts, has also contributed to advances in studies on Robin's divisibility criterion and
other inherent topics to present a formulation for the proof of the Riemann Hypothesis.

2.5. From Entropy, Algorithmic Randomness to Structure in Randomness

The deliberate search for patterns and better measurement of randomness has always been the
subject of curiosity and study over the years. However, we will only focus on the topics that have
stood out the most.

The concept of entropy initially arose with the second law of thermodynamics through the Ger-
man physicist Rudolf Clausius (1822-1888) in the mid-19th century, around 1865.

Clausius realized that the energy in a system is not completely converted into useful work, but
there is always a portion that is lost in the form of heat. This energy “lost” or unavailable to do work
was what he called entropy. Furthermore, the second law of thermodynamics states that the entropy
of an isolated system, i.e. one with no exchange of energy with the outside world, tends to increase
over time, i.e. disorder increases. To further his work, Clausius (1879) gave us his mechanical theory
of heat.

Although this concept initially came from “pure physics”, it opened the door to the development
and better understanding of many other academic areas, from statistical physics to information theory
and cryptography, for example.

Shannon Entropy is a very relevant concept for the field of Information Theory. Its formulation
was originated by Shannon (1948) through his work entitled “A Mathematical Theory of Information” .

Shannon entropy is a fundamental measure of the uncertainty or randomness associated with a
random variable. In the context of Information Theory, it quantifies the average amount of infor-
mation needed to describe an event or message. Mathematically, Shannon entropy is defined as the
expected value of the negative of the logarithm of the probability of each possible outcome of the
random variable. The higher the entropy, the greater the uncertainty or randomness of the system,
and vice versa.

Below, we see its formulation:

n
H(X)=H(Py,...,P,)=-) Pilog, P.
i=1

Pi=Pr(X=x).

A few decades later, Pincus (1991) took another major innovative step in the field of statistics
with the so-called Approximate Entropy (ApEn), which is a statistical technique used to quantify the
regularity and unpredictability of fluctuations in time series data. ApEn is, for example, particularly
useful for analyzing non-linear and non-stationary data, where traditional methods of analysis may
be inadequate.

This seminal study by Pincus (1991) inspired many studies in different areas of knowledge. As
an example, we can mention Delgado-Bonal (2019) through his study with notable results in the field
of the financial market and his approach of using Approximate Entropy (ApEn) as a way of measur-
ing randomness and identifying patterns in the stock market. Below is some of what he described
about Approximate Entropy:
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“In this regard, Approximate Entropy (ApEn) is a statistical measure of the level of ran-
domness of a data series which is based on counting patterns and their repetitions. Low
levels of this statistic indicate the existence of many repeated patterns, and high values in-
dicate randomness and unpredictability. Even though ApEn was originally developed after
the entropy concept of Information Theory! for physiological research? it has been used in
different fields from psychology? to finance*” (Delgado-Bonal, 2019, p.1).

Mageed and Bhat (2022) revisited classical entropies such as Shannon's, Rényi (1961) and Tsallis
(1988) and introduced the Generalized Z-Entropy (GZE), which is a generalization that includes these
entropies as special cases. In addition, they discussed how the fractal dimension measures the com-
plexity of patterns such as coastlines or Koch's snowflake and how it can be derived from entropies.
The authors demonstrated that GZE offers a unified framework for studying fractal systems through
generalized entropies, concluding that GZE is an important tool for exploring complex and fractal
systems, paving the way for future applications in interdisciplinary areas.

Tao (2007) discusses the decomposition of combinatorial objects into three fundamental compo-
nents: a structured (dominant) component, a pseudo-random component and a residual error term.

This approach has proved to be innovative and not restricted to the field of pure mathematics,
as it allows predictable patterns to be isolated from chaotic elements, facilitating the analysis and
resolution of problems involving large data sets with unspecified structures, and is therefore also an
important contribution to the field of algorithmic complexity studies.

We can see that this approach by Tao (2007) was one of the notable studies on randomness from
the perspective of combinatorial analysis. As such, it has influenced new studies such as the one car-
ried out by Trevisan et al. (2009) when analyzing the relationship between high entropy distributions
and efficiently sampled distributions, for example.

Blum and Blum (2022) propose an innovative approach to understanding consciousness based
on the pillars of theoretical computer science, using tools from computational complexity theory and
machine learning. The authors introduced a concept called the Conscious Turing Machine (CTM), that
is, an abstract computational model inspired by the Turing Machine and the work of neuroscientist
Baars (1997), but aimed at exploring consciousness through a formal machine model for conscious-
ness. The structure of the CTM is shown below:
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Figure 5. The Conscious Turing Machine Structure by Blum and Blum (2024).

Furthermore, Blum and Blum (2024) in their most recent study in this direction concluded that
consciousness in artificial intelligence will not only be possible, but also inevitable. The aim of these
theorizations is to demonstrate how this perspective of theoretical computer science can contribute
to research into consciousness and to encourage further studies in this direction.
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2.6. Types of Random Number Generators: PRNG, Quasi-RNG, TRNG, QRNG

Informally, we say that an algorithm refers to any set of well-defined steps that leads to a certain
end result. According to Cormen et al. (2022) an algorithm - in computing terms - can be defined as a
computational procedure that uses a value or set of values as input, which in turn goes through an
intermediate processing step that generates a value or set of values as output. An algorithm is usually
designed to solve some computational problem. In this sense, as Baeza- Yates (1995) pointed out,
algorithms are at the heart of computer science.

According to L'Ecuyer (2017) who was one of the authors of a relevant PRNG algorithm through
Panneton et al. (2006), although they don't formally exist in the way we know them today, so-called
random number generators and their role of providing “justice” and therefore serving as a means of
decision-making and choice have always been present in people's lives since ancient times through
other means such as through a coin and 6-sided dice, as we can read below:

“The Romans already had a simple method to generate (approximately) independent ran-
dom bits. Flipping a coin to choose between two outcomes was then known as “navia aut
caput”, which means “boat or head” (their coins had a ship on one side and the emperor’s
head on the other). Dice were invented much earlier that that: some 5000-years ones have
been found in Iraq and Iran” (L’Ecuyer, 2017, p.2).

Galton (1890) was one of the notable examples of scientists who used the 6-sided cubic dice as a
tool in his research. As a result, he designed a method to sample a given probability distribution:

“He used cubic dice (with six faces) but after throwing the dice he was picking up each die

by hand and placing it aligned in front of him, eyes closed, and considered the orientation

of the upper face. This gives 24 possible outcomes per die (almost 4.6 random bits)”

(L’Ecuyer, 2017, p.2).

In more recent times, we can say that the first RNG algorithm came from John von Neumann
(1946) through the middle-square method (1951). For a more in-depth timeline on the history of Ran-
dom Number Generators, we recommend following the paper by L'Ecuyer (2017).

Within the world of random number generators, we can say that there are 4 main branches:
Pseudo-Random Number Generators (PRNGs); Quasi-Random Number Generators (QuasiRNGs);
Truly Random Number Generators (TRNGs) and, more recently, taking into account concepts from
quantum physics, Quantum Random Number Generators (QRNGs).

2.6.1. Pseudorandom Number Generators (PRNGs) e Quasi-Random Number Generators (Quasi-
RNGs)

Bhattacharjee and Das (2022) argued that pseudo-random number generators (PRNGs) are a
type of deterministic generator, i.e. derived from a mathematical function whose outputs appear to
be random. According to Babaei and Farhadi (2011) it is desirable for PRNG algorithms to statistically
satisfy certain requirements in order to be considered good, for example we can mention: uniform
distribution, independence, large period and unpredictability.

We can also say that there are two main categories: Non-congruential and Congruential PRNG
algorithms.
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Figure 6. “Types of PRNGs” by the author.

We say that a PRNG is congruent when it relies on a modular congruence relationship to generate
the next sequence of numbers. A classic example of an algorithm with this structure is the LCG (Lin-
ear Congruential Generator) or DH Lehmer PRNG, which was one of the pioneering algorithms and
therefore inspired the creation of many similar ones over time. Its formulation is shown below:

Xnt1=(a*xn+c)mod m
where:

Xn+1 = next number of the sequence

Xn=the current number a = the multiplier

c = the increment m =is the modulus

mod = modulo operation.

It is common for there to be many models and algorithmic proposals, some of which may be
better than others depending on the user's objectives. In this sense, like Machicao (2017), it is common
to see scientific publications addressing the quality of PRNGs, as recently demonstrated by
Boutsioukis (2023) in his article comparing models known as the Mersenne Twister by Matsumoto
and Nishimura (1998), the Middle Square Method by John Von Neumann (1946) and the Linear Con-
gruential Generator (LCG) by DH Lehmer and Thomson and Rotenberg (1958).

As Stinson (2005) points out we must emphasize although most pseudo-random algorithms are
not the most suitable for the field of cryptography, there are some mathematical models of PRNGs
that have historically been considered very good for information security, such as Blum-Blum-Shub
by Blum et al. (1986) and Fortuna by Schneier and Ferguson (2003).

Although a pseudo-random function (PRF) is not exactly a PRNG due to some subtle differences
that can be better explored through Vadhan (2012), we can say that the Naor and Reingold (1997) al-
gorithm also has a strong structure for possible cryptographic applications.

Nowadays, we can mention some very promising new PRNGs in this field involving infor-
mation security, such as Itamaraca PRNG by Pereira (2022) due to its results in statistical tests as well
as the fact that its design employs the absolute value function as a form of "mirroring", making it
even more difficult for someone malicious to take the path back and discover the initial seeds.

In addition, Itamaraca has been pointed out by Levina et al. (2022) and corroborated by Aslam
and Arif (2024) because it is considered simple and practical, as well as because it generates aperiodic
sequences, i.e. without having a cycle ending moment at first. In this sense, repetition will occur if
and only if the values of the 3 initial seeds happen to appear in the middle of the sequence in exactly
the same order, which, in probabilistic terms, will basically make it unlikely/impossible for a cycle to
occur with repetition as we increase the maximum value of the interval and a uniform distribution.

Below, we can see the Itamaraca PRNG formulation:

As fixed parameters, we have:

M eR+: a maximum positive value, representing the upper limit of the scale of the numbers gen-
erated.
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A€ER*: a positive multiplicative constant whose values must be very close to 2 (1.97, 1.9886,
1.99545...).

As initial values, we have:

s1, s2, and s3 ER*: three starting numbers called seeds, needed to start the random sequence.

As derived variables, or intermediate process ip, we have:

As :s3—s1

and the generated sequence can be represented by:

xn : or nth pseudorandom number generated.

At each iteration n, the pseudo-random number xn is generated by the formula:

xn=|M-|As A
As=83—51
s'1=9, s'2=s;3, $'3=1xn.

It is common that, due to the deterministic nature and the fragility that may exist in some PRNG
algorithms, some scientists over time come to propose improved solutions to these classical models,
such as the one proposed by Rahimov (2011), Widynski's “Squares” (2020) and the method of Padanyi
and Herendi (2022) with all of these with the proposal to improve the model of the Mean Square
Method, proposed by John von Neumman (1946).

Quasi-RNGs, which stand for Quasi-Random Number Generators, are also deterministic in na-
ture and very similar to PRNGs. However, according to Dutang and Wuertz (2009) and corroborated
by Smith et al. (2017) the focus of Quasi-RNGs is more on creating a model that tries as much as
possible to make each random number output equally (rather than approximately) distributed within
the intervals considered.
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Figure 7. Bivariate uniform samples - pseudorandom (left) and quasirandom (right) Smith et al. (2017).

It should be clear and understandable that pseudo-random number generators (PRNGs), despite
their great relevance, are actually part of a larger scope of topics entitled “Pseudorandomness”. Due to
its inherent particularities and rich extension, we see from Vadhan (2012) that other points are also
important, such as the computational model and complexity classes, randomness extractors, ex-
pander graphs, list-decodable codes, derandomization techniques, among other topics. As such, this
field of study should be seen as a separate field, deserving its own discipline for study.

2.6.2. True Random Number Generators (TRNGs), Quantum Random Number Generators
(QRNGs) and Quantum Techniques

We also have TRNGs (Truly Random Number Generators) which, according to Herrero- Col-
lantes and Garcia-Escartin (2016) are those designed to produce unique and unpredictable random
sequences that normally use natural sources such as atmospheric noise and radioactive decay, for
example. Sunar et al. (2006) presented their theoretical and practical approaches to a TRNG that has
withstood adversarial attacks.
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More recently, we have the so-called QRNGs, an acronym for Quantum Random Number Gen-
erators, which we can also say are part of the TRNG category, however, due to some particularities
within quantum physics, it is preferable to classify them as a separate category.

As we can see from Herrero-Collantes and Garcia-Escartin (2016), Quantum Random Number
Generators (QRNGs) exploit quantum mechanics phenomena to generate genuine random numbers.
On the quantum mechanics, Avigliano (2014) explores the intersection of Rydberg atoms and super-
conducting cavities, focusing on manipulating and controlling these systems for quantum infor-
mation processing. Uria et al. (2020) presented an innovative protocol to deterministically prepare a
Fock state of a large number of photons in the electromagnetic field. Among these and other results,
quantum algorithms can be developed over time that exploit the power of quantum computing to
solve problems usually linked to optimization issues in different areas of knowledge, including cryp-
tography, artificial intelligence and medicine.

Among the two main forms of QRNGs are those designed from the perspective of quantum
optics (i.e. single photon emission, quantum interference, polarization of photons, understanding of
light states, among others) and non-optical quantum (i.e. radioactive decay, thermal noise in elec-
tronic components, spin of subatomic particles, quantum vacuum fluctuations, among others).

Just as in the field of PRNGs TRNGs, where it is common to observe several different techniques
behind their global developments, QRNGs are no different. As an example of its vast ramification,
Contreras et al. (2021) introduced a robust and efficient iterative method for the reconstruction of
multipartite quantum states from measurement data. The method shows fast convergence, especially
in high-dimensional systems, and is applicable to any informationally complete set of generalized
quantum measurements.

Furthermore, as demonstrated by the authors, its robustness against realistic errors in state prep-
aration and measurement steps makes it a potentially valuable tool for quantum information pro-
cessing and for emerging technologies such as Quantum Random Number Generators (QRNGs). This
was just one of the papers included in more than 50 academic materials and publications carried out
by a global project called “Quantum Random Number Generators: cheaper, faster and more secure” funded
by the European Union.

Other outstanding works in this emerging field are Hensen et al. (2015) which reports a break-
trhough experiment on the Bell Inequality test, a fundamental concept in quantum mechanics that
explores the nature of reality and locality. Among its main results, the data implied a statistically
significant rejection of the local-realist null hypothesis, so the experiment provides strong evidence
against local realism, strengthening the worldview of quantum mechanics. Through this and other
experiments, Abellan (2018), Amaya, and Tulli et al. (2019) idealized Quside and, with it, developed
technologies to strengthen information security as well as an important step towards new “quantum
level” randomness certifications.

Meng et al. (2024) developed a GD-enhanced quantum RNG based on quantum walks of single
photons in a linear optical system which, in addition to its good properties for uniform distributions,
is also considered a flexible model for other probability distributions.

2.6.3. Other Categories of Random Number Generators

In addition to the categories mentioned above as the main ones, we can also say that there are
other designs and ways of generating random numbers as well as forms of encryption for the infor-
mation security area. Among these, we can highlight those derived from Chaotic Maps such as those
worked on by Machicao (2018), Moysis et al. (2022) and Moysis et al. (2023).

There are some other PRNG algorithms whose design is also differentiated, such as Rule 30 de-
veloped by Wolfram (1983), whose main sources are techniques such as cellular automata, which, in
turn, as also corroborated by Mariot el al. (2021), uses a set of rules similar to the so- called “Game of
Life” within the field of study of mathematics with regard to evolutionary algorithms. In addition,
another paper highlighted in the bibliography is that of Balkova et al. (2016) who, through their
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studies, came up with an innovative technique for generating an aperiodic pseudo-random sequence
using the infinite word technique.

2.1. Uniform Distribution

We can say the uniform distribution is one of the main probability distributions in statistics,
especially when it comes to the field of study of random variables. The authors Blitzstein and Hwang
(2019) state this distribution assumes each element within an interval (a, b) has the same probability
of occurrence, so we can say within this interval we can expect sequences of random numbers.

Below, for example, is the probability density function (PDF) of the uniform distribution
for continuous values:

Lﬂ ifa<zs<h

fle)={F

0 otherwise

2 ¢ 1 d—c
< < — = e
Prlic= a<d)j [; flx)dz ]c' b—adm —

0 if z < o,

F{z) =4 == ifa<z<h,
1 if z > b.

The expected value for a continuous uniform distribution is:

E[X]:mef(m)dmzfab bfﬂdmz b;“

And its respective variance:

Var(X) = E(X?) — B*(X) = fb b:iz da( b;

a )2 _ (b—a)?
12

The PDEF (Probability Density Function) represents the “density” of probability at each point in the
interval. In the uniform distribution, the PDF is constant throughout the interval, indicating the prob-
ability of any value occurring within that interval is the same.

The CDF (Cumulative Distribution Function) of a uniform distribution can be said to increase line-
arly from 0 to 1 in the interval [a, b]. This means the cumulative probability grows proportionally as
x moves from a to b.
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Figure 8. PDF and CDF graphical analysis by Blitzstein and Hwang (2019).

2.1. Compound Interest
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As Campolieti and Makarov (2018) point out, compound interest is a way of calculating the in-
terest on an investment or loan, where the interest for one period is added to the initial principal
balance, and in the following periods, interest is calculated on this new total value (initial principal
balance + accumulated interest). By this definition, and as also noted by Smart and Zutter (2020), it is
“interest-on-interest” growing exponentially over time.

The following is the formulation of compound interest usually presented in financial mathemat-
ics bibliographies:

r
A=P(1+ =)™
(A=)

A = Final amount, resulting from the sum of the initial principal balance and Interest

P =Initial principal balance

r = interest rate, which must be on the same time basis as the period

n =number of times interest applied per period

t =number of time periods elapsed

Through Stojkovic et al. (2018) and Karn et al. (2024) we see that compound interest has always
been a topic of debate throughout history by various mathematicians, from the studies of Jakob Ber-
noulli, Leon John Napier, and Leonhard Euler to the present day.

Nowadays, compound interest continues to be explored in various fields, including actuarial
sciences, economic sciences, and even more specific areas like Computer Science through machine
learning algorithms and algorithmic complexity. As Bartlett (1993) pointed out, it is also relevant in
biology, where it is used to study population growth, from bacterial cultures to animal populations,
and demographic growth. We can also observe this exponential behavior through Ma (2020) in his
approach to dealing with epidemic scenarios as well as in Seshaiyer et al. (2020) when addressing the
importance and limitations of mathematical models to model covid-19.

2.9. Sports Betting Universe

2.9.1. Understanding the Basics

Within the world of sports betting, there are often very specific expressions inherent to this en-
vironment. Below we will look at the meaning of some of the most popular ones, which will be es-
sential for a better understanding of this study.

Table 2. Some basic concepts within the world of sports betting.

Word Meaning
Stake It consists of the amount allocated to each single bet for a single event or a set of consecutive
events (as known as multiple bets).
Qdd It consists of an x amount that will be multiplied by the stake and thus. with a successful
event, the user makes a certain profit. The higher the odd. the higher the profit margin.
Punter This is the name given to the user who makes input decisions on an event or set of events
before they start.
Trader This is the name given to the user who makes input decisions during the course of an event or
set of events in a row.
Cash Out It is a tool bookmakers/sportsbooks have to offer their users in which it is possible to

withdraw a certain amount of money during the course of an event. ensuring a percentage
profit or minimizing what could be a total loss before the event or set of events is over.

Favorite It is a person or team that is more likely to win. Usually. the odds offered are relatively lower.
Underdog It is a person or team that is less likely to win. Usually. the odds offered are relatively high.
Bankroll Bankroll management is the act of managing the capital allocated to betting as a whole. as

well as the amounts allocated to each event or set of independent events.

2.9.2. Sports Trading Market

According to Etuk et al. (2022) the world of sports betting has grown exponentially in recent
years and reached the mark of more than 30,000 companies around the world with business models
based on sports betting in 2019. In the same year, this market exceeded more than US$ 200 billion.
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As Harris (2024) pointed out, through the repeal of the Professional and Amateur Sports Protection
Act in 2018, sports betting was legalized and more than half of the states in the united states were
covered by this law. According to the author, this field opens up new business opportunities and
jobs, but also new challenges, both in terms of the illegality of certain platforms and the impact of
betting on people's lives, especially in virtual environments. In this sense, it is necessary for govern-
ment bodies, the academic community, and society as a whole to be in dialogue to debate this new
business model that is here to stay.

2.9.3. The Mathematics Behind Sports Betting

2.9.3.1. Understanding Odds

The so-called “odds” refer to the probability of an event occurring. They are usually published
by bookmakers (or sportsbooks, in a more modern term) in fractional or decimal form (which will be
the focus of this study). As pointed out by Sladi¢ and Tabak (2018), odds estimations by sportsbooks
are carried out by experts who, in addition to relying on robust data structures, also factor in subjec-
tive analysis.

Table 3. Probabilities of an event occurring in decimal representation by Buchdahl (2003).

Decimal Odds Probability Decimal Odds Probability
1.1 091 3.25 0.31
1.11 0.9 34 0.29
1.13 0.89 35 0.29
1.14 0.88 3.6 0.28
1.15 0.87 3.75 0.27
1.17 0.86 3.8 0.26
1.18 0.85 4 0.25
12 0.83 4.33 0.23
122 0.82 45 0.22
1.25 0.8 5 0.2
13 0.77 55 0.18
1.33 0.75 6 0.17
1.44 0.69 6.5 0.15
15 0.67 7 0.14
1.53 0.65 7.5 0.13
1.57 0.64 8 0.13
1.62 0.62 8.5 0.12
1.67 0.6 9 0.11
1.73 0.58 9.5 0.11
1.8 0.56 10 0.1
1.83 0.55 1 0.09
19 0.53 12 0.08
1.91 0.52 13 0.08
2 0.5 15 0.07
21 0.48 17 0.06
22 0.45 21 0.05
225 0.44 26 0.04
238 0.42 34 0.03
25 0.4 51 0.02
2.62 0.38 67 0.01
2.88 0.35 151 0.01
3 0.33 201 0.01
32 0.31 501 0

As we can see from the table above, as the multiplicative values of the odds increase, the proba-
bility of success of the event also decreases. The probabilities of success and failure for an event can
be determined using the following formulas:

d0i:10.20944/preprints202504.1788.v1


https://doi.org/10.20944/preprints202504.1788.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 April 2025 d0i:10.20944/preprints202504.1788.v1

25 of 129

Psuccess = L x* 100

odd
Pfailure = 1 — Psuccess

2.9.3.2. Calculating the Odds

According to Buchdahl (2003), if we consider that a bettor enters a sporting event with an odd of
1.80, this means we can expect approximately 55.56% chances of success and 44.44% chances of fail-
ure. If this bettor places a stake of $10 he would recover his “investment” while making a further $8
profit if the event in question ended positively, thus totaling $18.

Considering that a bettor enters a sporting event with an odd of 1.25, this means we can expect
approximately an 80% chance of success and a 20% chance of failure. Therefore, if this bettor places
a stake of $10, in addition to recovering his “investment”, preferably saying “risk”, since if he loses
the bet he loses all his money, of $10 he will make a profit of $2.50 if the event has a positive outcome
in the end, leaving a result of $12.50.

Now, let's consider another scenario in which a bettor enters a sporting event with an odd of 2.5,
which means we can expect approximately a 40% chance of success and a 60% chance of failure.
Therefore, if this bettor places a stake of $10 in the event that he wins the bet, he will be able to recover
the amount he already had and make a profit of $15, thus totaling a positive amount of $25.

2.9.3.3. Historically, Mathematics and Statistics Have Always Been in Favor of the House

It must be clear and understandable to each of us that the business model of sportsbooks, casinos,
lotteries, among other gambling variations, is completely based on the main bibliographic bases
within the field of mathematics and statistics. Among the main topics we could say that it is common
to use Risk Management, Return on Investment, Rates, Break-even Point, Strong and Weak Law of
Large Numbers, Time Series Analysis, Expected Value, Probability, Probability Distributions, Clus-
tering, among others, for example.

In the field of sports betting, it is common for sportsbooks to adopt a “fee” containing a percent-
age can range from 2% to 5%, i.e. regardless of the outcome of the market, the sportbook will always
be collecting a percentage of the bettor's profit.

Furthermore, in addition to the so-called administrative fees, another common tactic used by
sportsbooks is “juice” or “vigorish”, which consists of offering odds with “unbalanced” values, i.e. not
in line with the real probabilities of occurrence, usually most of the time with small percentages of
less, but enough, combining with the law of large numbers to make it extremely difficult for a bettor
to be mathematically profitable in the long term.

As abasic example, if a database indicates that a future event should have an odd of 1.70, in order
to represent reality, bookmakers will probably offer a lower odd of 1.66, for example.

Although this is relative and varies from bookmaker to bookmaker and their respective business
models, it is usually common for this additional profit margin to range from 3% to 7% on so- called
juice.

In addition to administrative fees, unbalanced odds through juice, statistics itself through the
strong and weak law of large numbers strongly influence the player to have a negative expected value
in the long term and, at best, to reach the break-even point, i.e. no profits or losses.

Let's assume that the odds offered by bookmakers for sporting events, whether soccer, volley-
ball, basketball or any other sport, are “considered fair” and therefore represent the same odds in real
life. Let's also assume the bettor would like to place 100 consecutive bets on events with the same
fixed odds of 1.25, i.e. we can expect a probability of success of 80% and 20% of failure. Let's also
assume that $10 was the amount set by the bettor to be the value of each of the 100 stakes.

When we apply the odds calculation formula, we know in each event with a positive final result,
the bettor will make a real profit of $2.50. On the other hand, we also know that in events with a
negative final result, the bettor will lose all the money placed on the bet, in this case -$10.
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In 100 independent events with equal probability, we can expect a result converging to

~80%, so we can consider that the bettor will have 80 events with a positive final result and 20
events with a negative final result.

Putting it into the formula we would get,

Positive Final Result =2.50*80 = $200 and,

Final Negative Result = 1020 = -$200.

So we can see that, mathematically, the bettor will at best not win or lose after a sequence of
games chosen after setting the odds and the entry price/stake.

Probabilistic forces will act regardless, whether through low odds, as in the example above, or
through high odds, usually those above 1.80 or 2.00 according to “professional sports bettors”.

2.10. Is It Possible to Beat the House?

The world of gambling and the idea of using a random system that is “fair” according to the
Laws of Probability, according to Matheson (2021), has existed since ancient times and is mentioned
in Greek mythology when he mentions Zeus, Hades, and Poseidon, for example, divided the heavens,
the seas and the underworld through games of chance. Similar references can also be found in reli-
gious records, such as the Old and New Testaments of the Bible.

We can see the whole system that preceded the creation and sophistication over time of games
of chance present in casinos and bookmakers is very old and shows us the concept of chance has
always been, in a way, a form of entertainment and a means of decision-making for human beings.

Another point to highlight is the human quest to explore games of chance in search of consistent
patterns that can allow us to predict to some degree the next results of the sequence, either through
statistics or by applying concepts from physics.

When it comes to “Beating the House” or among other similar variations, first of all, what should
be clear to each of us is the meaning behind these expressions. Although in general it is more com-
monly related to the world of betting, we can say the “house” is a well-established system and break-
ing it is basically unquestionable and/or unlikely or very difficult in terms of probability. We can also
say the “House” can come to represent:

A System: evaluation system; labor market; physical, statistical, mathematical, biological, politi-
cal, social, economic system.

An Institution: school, company, organization, governments (i.e. dictatorial regimes)

An Obstacle: a barrier that needs to be overcome

A Symbol: a reference to the status quo.

As we saw above, in summary, we can also say “Beating the House” symbolizes breaking away
from something pre-established, overcoming challenges and crossing an unexplored frontier.

The deliberate quest by scientists to beat the house goes much further than financial results, but
rather to identify consistent patterns and understand to some extent the true nature of randomness,
which in turn has a cross-cutting nature covering several fields of science, including mathematics,
statistics and physics.

In this sense, throughout history it has been common for many physicists, mathematicians and
statisticians to undertake studies in order to better understand and even establish a system that is
capable of beating the house. Scientists such as Henri Poincaré (1854-1912), John von Neumann (1903-
1957), Richard Feynman (1918-1988), Stephen Hawking (1942-2018) and Albert Einstein (1879-1955)
have also told us about their attempts to better understand and beat roulette, for example.

With regard to the question: Is it possible to beat the house in gambling and sports betting? Well,
the answer is yes. However, there are some particularities and limitations that must be observed by
bettors, as we will see later in this study.

2.10.1. Roulette

Throughout history, in roulette, for example, many scientists and researchers have spent hours
and hours observing generated sequences and accumulating a robust database for analysis. Although
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many statistical concepts were already well-established, such as the Law of Large Numbers, the idea
of independent events, expected value, among others, many continued to defy these natural laws in
this deliberate search to identify patterns.

We can say that to this day, those groups of scientists who set out to try to beat roulette purely
through observation and looking for some statistical loophole, have probably provided the academic
community with even more data proving the already well-established concepts, but probably with
no solid practical results in terms of making a consistent profit against the house.

On the other hand, some scientists have chosen to theorize about beating the house based on the
premise of studying randomness itself through physics. According to Poundstone (2010), at the end
of the 1950s, a student called Edward Thorp, observing a game of roulette, hypothesized that the
existence of a possible flaw in the roulette wheel's structure could imply that the ball tended to fall in
certain places. Even though Edward Thorp considered the roulette wheel to be perfect and without
any flaws, he still maintained his position that the laws of physics could cause the ball to land in
certain places.

Shortly afterwards, Claude Shannon (1916-2001), known for his seminal contributions to the field
of Information Theory, began working with Edward Thorp to continue the theories Thorp had raised
about the physics and randomness involved in roulette. The result, according to Thorp (1984) and
Thorp (1998), was the creation of the first wearable computer - an analog device the size of a cigarette
pack - which allowed them to obtain a return of over 44% on the roulette wheel.

According to Kucharski (2016) and corroborated by Small and Tse (2012) another notable event
of scientists using physics to beat the Casino through roulette took place between 1977 and 1978
through Doyne Farmer, Norman Packard and other colleagues whose group called themselves “Eu-
daemons” who aimed to use their knowledge combined with a hidden computer to consistently beat
roulette over the long run.

In the 1990s in Spain, Gonzalo Garcia Pelayo, who had dedicated his career to music and film,
ventured into the world of casinos and, with the help of his son Ivan Garcia Pelayo and many other
family members, decided to beat the house with roulette. According to Garcia-Pelayo and Garcia-
Pelayo (2003) and as also presented by Pfeifer et al. (2017), at first his method was more intuitive than
mathematical, which consisted of checking which roulette wheels within a casino might be fouled by
some kind of physical fault. The type of fault didn't matter to them either, but in the long term, after
a large number of spins by the dealer, they used a data analysis exercise to analyze which groups of
numbers and their respective “boxes” could contain some kind of fault and, as a result, more numbers
than the average and their respective expected standard deviation.

It is known that it is normal for fluctuations around the average to occur, even in the long term.
Therefore, they basically adopted the idea of the frequentist school by continuously checking whether
those patterns would continue to repeat themselves in another thousand spins of the roulette wheel.
As a result, Pelayo and his family came to the conclusion that certain roulette wheels were in fact
statistically biased and thus favored certain groups of numbers more than others. Because of this
small advantage for them, according to public sources it is known that Gonzalo Garcia Pelayo and
his family have amassed a fortune of more than 250 million pesetas in casinos in Spain and other
parts of the world.

In the 21st century, a notable contribution was made by Strzalko et al. (2009) when they demon-
strated the real possibility of beating the house by applying the concepts of physics and consequently
addressed what is understood by mechanized randomness and how it approaches random processes.

A short time later, the authors Small and Tse (2012) also considered roulette to be a deterministic
dynamic system, so if we knew how the roulette wheel worked, the mass of the ball, its initial position
and calculated its acceleration and velocity, we could predict exactly where the ball would land, giv-
ing us the prize.
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Figure 9. Small and Tse’s Model.

The results of the model proposed by Small and Tse (2012) showed us that roulette and its ran-
domness is, to a certain extent, fully predictable. In their experiments, they showed us that the ex-
pected return on a random bet jumped from -2.7% to 18% in the long run.

In fact, although the results are surprising in the field of Statistical Physics when dealing with
Dynamic Systems, putting them into practice in a Casino would be difficult, as it would require a lot
of equipment and data to account for the sequences generated, as well as other issues such as the
possibility of Casinos not authorizing the entry of these players.

As Thorp (1998) and Poundstone (2010) have pointed out, when it comes to beating the house it
is preferable for players to choose to stay in the game as long as they can until the Law of Large
Numbers is in their favor. Small and Tse (2012) also point out even if the odds work in the player's
favor, it is still a game of chance. Therefore, we can also say the player's patience in betting during
long sequences as well as having a good amount of money available are factors to be considered.

2.10.2. Blackjack

According to Jensen (2014), an average Blackjack player (also known as 21) who relies solely on
super bets and luck in the game naturally has a negative expected value of $4 for every $100 wagered,
indicating that in the long run the player will always lose out.

In this sense, we can say academically the first notable attempts to beat the house with Blackjack
came in the form of a remarkable paper by Baldwin et al. (1956) presenting an optimal strategy for
players in casinos. As we can see below, “They figured that both the player and the dealer had a finite
number of possible hands, the player had only up to six possible decisions to make and the dealer’s
play being fixed, there had to be a optimal way to play the game” (Jensen, 2014, p. 7).

As Jensen (2014) also highlighted, the authors initially believed that instead of players having a
negative expected value of $4 for every $100 wagered in the long run, this strategy would have a
significantly lower negative expected value of only $0.62 for every $100 wagered.

In 1962, Edward Thorp in his work entitled “Beat the Dealer” detailed a mathematical system that
allows blackjack players to gain a statistical advantage over the casino.

According to Jensen (2014) Thorp, using rigorous mathematical and statistical methods, demon-
strated blackjack is not just a game of luck, but can be influenced by strategy and knowledge.

Unlike games such as Roulette which are classified as Independent Variable Games, i.e. past re-
sults do not influence future results, the game Blackjack (also known as 21) can be classified as a
Dependent Variable Game since:

“The deck is not shuffled after every round of play. Once a card has been used and the play
is over for that round, that card will not be used again until the cards are reshuffled and put
back into play. Thus, the outcome of one round is dependent on what cards were used in
the previous round” (Jensen, 2014, p. 7).
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Among its main revelations are card counting techniques and betting strategies for removing
certain cards and their effects on the player's expected value.

As Jensen (2014) pointed out, knowing that Blackjack is a Dependent Variable Game, as well as
the positive results of the Reno/Tahoe Rule whose positive expected value for the player was 0.09%,
Thorp realized that he could obtain even better results and, with a line of research in similar directions
to that of Baldwin et al. (1956), he developed his so-called Basic Strategy.

In his test, instead of using a 52-card deck, Thorp opted to use a 51-card deck. Using Monte Carlo
simulation on an IBM 704 computer, he tried to measure the impact that a missing card could have on
the expected value, both in favor of the player and in favor of the casino.

Table 4. Impact on odds with card removal effect.

Effect of Card Removal*

Card Effect
2 0.3875%
3 0.4610%
4 0.6185%
5 0.8018%
6 0.4553%
7 0.2937%
8 -0.0137%
9 -0.1997%
10 -0.4932%
A -0.5816%

In his experiment, Thorp noticed that removing an Ace gave the Casino a 0.58% advantage over
the players. On the other hand, for example, removing the number 3 card gave the players a .46%
advantage over the Casino, as can be seen in the table above.

The publication of the articles by Baldwin et al. (1956) and Thorp (1962) had a major impact on
the casino world, as groups of people made fortunes using these techniques to the point where they
were banned. Casinos, previously immune to any kind of strategy, were forced to review their rules
and procedures to try to neutralize card counting and other shared strategies.

2.10.3. Other Notable Blackjack Experiments

In the 1980s, according to Casey (2008), Bill Kaplan, also sometimes referred to in some media as
Micky Rosa, founded a team of students and former students at the Massachusetts Institute of Tech-
nology (MIT) for the exclusive purpose of beating the house through the game of Blackjack (21), pop-
ularly known as MIT Blackjack Team. In addition to the founder, we can mention other notable par-
ticipating members who played an essential role in this project, especially in the 1990s, such as JP
Massar, John Chang, Jeff Ma and Mike Aponte, as some examples.

With his strong knowledge of mathematics as well as delving into the literature on techniques
for winning games of chance, especially mastering card counting as developed by Ed Thorp (1966),
Bill Kaplan even created a company called “Strategic Investiments, Limited Partnership” whose busi-
ness model was to provide profits to investors by beating casinos. This group of students made a
fortune together and were often even banned from casinos where they were identified.

As another example, in the academic world, Persi Diaconis is a mathematician recognized for
his valuable papers, either alone or in collaboration, on randomness. He is also known for having
worked as a professional magician for decades and therefore has a wealth of theoretical as well as
practical knowledge of techniques and games such as Blackjack.

Through his experiments and in collaboration, they came up with the Bayer and Diaconis (1992)
model, which became one of their best-known theorems in which they stated that 7 times is enough
to shuffle the cards so that the level of randomness reaches its ideal point. The authors also concluded
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that less shuffling (such as 5 or 4 times) will mean that the entropy level of the system will be far from
ideal, so that the position of the cards can be predictable and, on the other hand, shuffling more than
7 times will not make the cards even more “random”, on the contrary.

Although the results of Bayer and Diaconis (1992) do not necessarily imply direct possibilities of
financial gain for the players, they show us once again the importance of mathematical, physical and
statistical analysis applied to games.

2.10.4. Coin Toss Experiment

In his studies, when he tossed a coin into the air, Diaconis observed that it spent a little longer
with its initial side facing upwards before spinning and landing on a given surface. Diaconis, Holmes
and Montgomery (2007) called this phenomenon “precession” and raised the following question:
could precession influence the number of heads or tails in coin tosses?

At first, at the time of the study, Diaconis et al. (2007) raised the possibility and, consequently, a
theorem that precession could give a small margin of advantage to the initial side of the coin. Accord-
ing to their studies, this advantage would be 1%.

Below we can see the graphical and mathematical representation of precession as well as the coin
tossing machine designed to follow physical laws exclusively and eliminate any human biases as
much as possible.
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Figure 11. Experiments by Diaconis et al. (2007).

The theorem proposed by Diaconis et al. (2007) was also proven by a robust study carried out by
Bartos$ et al. (2023) in which they brought together a team of 48 authors who used coins minted in 46
countries in order to minimize possible biases in the research process. As a result, the authors tossed
coins more than 350,757 times and the chance of the coin landing on the initial side converged to
50.8%.

The results presented by both studies were very interesting, since, despite being a result basically
within the normal range expected by the law of large numbers with values converging to 50%, and
this “advantage” being considered “low”, we can see the positive effects for a bettor can be better
perceived in the long run, an advantage sufficient to say the player has beaten the house.

Bartos et al. (2023) also wondered about this possible “small advantage” and its relevance in
terms of the expected value for the player, which has been shown to surpass even other strategies
employed in other casino games:

“The magnitude of the observed bias can be illustrated using a betting scenario. If you bet a
dollar on the outcome of a coin toss (i.e., paying 1 dollar to enter, and winning either 0 or 2
dollars depending on the outcome) and repeat the bet 1,000 times, knowing the starting
position of the coin toss would earn you 19 dollars on average. This is more than the casino
advantage for 6 deck blackjack against an optimal-strategy player, where the casino would
make 5 dollars on a comparable bet, but less than the casino advantage for single-zero rou-
lette, where the casino would make 27 dollars on average” (Bartos et al., 2023, p. 14).

Although the same-side bias shows small advantages for the initial side of the coin and therefore
enough for the player to have a positive expected value in the long run, as Diaconis et al. (2007) point
out, we can still consider the coin toss to be as close to a fair game as possible.

2.10.5. Lottery

There are many types of lottery games around the world. However, a few of the most common
models prevail, such as the design lottery (49, 6, 6, t) also known as 6/49, in which the player must
choose 6 numbers from a range of balls from 1 to 49 and, by combining the 6 numbers chosen with
the numbers drawn, the player wins the jackpot.

Throughout history, some people, whether mathematicians by training or not, have used their
knowledge of probability theory and combinatorial analysis to make fortunes in lotteries.

One notable case was Stefan Mandel - a Romanian mathematician - who, between the 1960s and
1990s, revealed and was proven by investigations by public bodies such as the CIA (Central Intelli-
gence Agency) and FBI (Federal Bureau of Investigation), for example, that he won the lottery jackpot
50 times, 14 of which were by using a method he called “Combinatorial Condensation”.

Although Mandel never fully revealed his method, what is generally known is that he chose to
play lotteries whose prize pools were considered very high and the cost/benefit ratio between the
prize pool and the number of all possible tickets was always positive. It is known he initially played
and won a lottery in Romania whose design was 6/49, in which he focused on making sure that at
least 5 of the 6 numbers drawn were correct.

Therefore, Mandel's jackpots came from buying all possible combinations and/or removing cer-
tain sets of numbers from the ticket to reduce the number of combinations needed and at the same
time “increase” the probability of winning, according to his methodology. For a more in-depth anal-
ysis of this story, we recommend consulting other sources, such as Wikipedia and the article by Stom-
mer (2024).

Another experiment similar to Mandel's, and also documented by Amado et al. (2019), was the
story of a group of students from the Massachusetts Institute of Technology (MIT) and a couple, Jerry
Selbee and Marge Selbee, from Michigan, United States. The methodology they used in the Cash
Windfall was to wait for the prize to accumulate and, if there were no winners of the maximum prize,
it was also divided to eventual winners of “secondary winners”, they realized that the cost-benefit
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ratio considering the price of the tickets as well as the purchase of all the possible combinations nec-
essary and, adding the fact the prize could be divided to other winners who did not match all 6
numbers, the couple would always come out with a positive result.

A few years later, as pointed out by the couple via the BBC media (2022) Jerry shared a bit more
about this story “Out of 18 (tickets), I won US$1,000 for a four-number winning ticket and 18 three-
number winners worth about US$50 each, which is about US$900. So by spending US$1,100, I got
about US$1,900 back”.

With the success that “small” winnings could mathematically constant under this methodology,
Jerry and Marge created the company - GS Investment Strategies LLC - to pursue in a “professional”
way the art of beating the house through the lottery. It is estimated that the couple accumulated more
than 60 tons of lottery tickets and won more than 26 million dollars between 2003 and 2012, as well
as engaging with several other residents of their city in this project.

Although it was a very interesting idea and its results can be proven by probability theory, its
practical applicability tends to be very limited due to some factors such as: the need for a solid
knowledge of mathematics and probability theory; human or software factors that may present errors
during the process of filling in tickets with all possible combinations and, finally, due to the rules of
lottery games that may be modified over time by increasing the unit price of each ticket and/or lim-
iting the number of tickets purchased by each player, for example.

Nowadays, through the work of Stewart and Cushing (2023) it was shown it is possible to estab-
lish a mathematical formulation employing concepts from probability theory and combinatorial anal-
ysis that guarantees at least 2 exact combinations in a UK lottery game in which players have to
choose 6 numbers ranging from 1 to 59 using only 27 different tickets.

N 9, 10, 11, 4 | 18,19,20,21, 26,27 32,33,34,35,40,41 | 46,47, 48,49 54 55
I 0 10,11, 7 D18/19.9293 30,81 32.33,36,37,44, 45 146,47 50,51 58 50
1.2.5,6,7,8 12,13,14,15,16,17 = 18,19,24,25 28.29 | 32,33,38,39,42,43 = 46.47,52, 53, 56,57
20,21,22,23 28,29 34,35, 36,37,42,43 | 48,49, 50,51, 56,57
20,21,24,25, 30,31 34,35,38, 39,44, 45 | 48,49, 52 53 58 59
22,23.24,25,26,27 36,37,38,39,40,41 | 50,51,52, 53, 54, 55
26,27,28,29,30,31 40,4142 43 44,45 | 54,55, 56,57, 58, 59

12,
15,

13,1
16,1

Figure 12. One set of 27 tickets for n = 59 using the configuration (B, C, E, E, E) by Stewart and Cushing (2023).

Although, in financial terms, this UK Lotto scenario is not representative and players will con-
tinue to be at a great disadvantage due to other factors such as the price of the ticket and the value of
the prize, it is a paper that provides us with significant advances in terms of how statistical analysis
can provide new horizons for decision-making in games of chance.

2.10.6. Financial Market

2.10.6.1. Black-Scholes-Merton Model

The Black-Scholes-Merton (BSM) formula is a mathematical model widely used in the financial
market to determine the theoretical price of options and other derivatives. It was developed by
Fischer Black and Myron Scholes (1973) and, through a paper written independently but with equiv-
alent and complementary results by Robert Merton (1973).

Regarding authorship, Edward Thorp stated he had come up with a similar formulation in 1967
and had kept it secret due to the success of his investments. Polemics aside, This model marked a
significant advance in the analysis of derivatives since it demonstrated that quantitative analysis can
offer valuable insights beyond the intuition of the investor, which was considered very subjective
and unmeasurable.
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where,

C = call option price

N = CDF of the Normal Distribution

St=Spot price of an asset

K = Strike price

r = risk-free interest rate

t = time to maturity

o = volatility of the asset

The following are the five Greek letters related to Black-Scholes-Merton, each of which can be
further explored in Yu and Xie (2013) and Paunovic (2014).
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This formulation, as we can see through Joyner (2016) extends beyond its practical applications
in the financial market, being more commonly noted through the field of physics with complex dy-
namical systems and, above all, related to thermodynamics due to the similarity with the heat equa-
tion, since both are partial differential equations (PDEs) but used in different contexts. The Black-Scholes-
Merton model is also related within the field of Quantum Physics, as we can see from the studies by
Accardi and Boukas (2007) and Vukovic (2015).

2.10.6.2. Kelly’s Criterion

The Kelly Criterion, developed by mathematician John Larry Kelly Jr. (1923-1965), is a well-
known strategy in the field of Trading and Sports Betting since, according to Kelly Jr. (1956) and Kim
(2024), it is a bankroll management technique that seeks to maximize long-term returns while mini-
mizing the risk of losses in betting or investment situations with known probabilities.
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As we can see from the image below, this criterion seeks to find the perfect balance between ag-
gressive betting and capital conservation.

Kelly Criteria Example (Ratio = 1.26)

v —— Revenue Ratio
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Figure 13. Kelly’s Criteria by Kim (2024).

And its formulation,

where,

f"=the fraction (%) of the bankroll

b=0dds (as a decimal), always equal to 1

p =Winning probability

g = Losing probability, calculated 1-p

The formula allows us to determine what percentage of all our available capital is considered
“optimal” to place on a single event, whether in the world of investments or betting.

Despite its valuable contributions and being one of the main references for maximizing gains
and minimizing risks in investments, the Kelly Criterion has some limitations, such as the fact it was
designed to work in the long term, so there is a risk of ruin in the short term. Another point to note is
that, as it is based purely on probabilities, small errors in estimating probabilities can lead to signifi-
cantly different results and thus compromise the capital invested.

Given these advantages and limitations, over the years it has been a strong object of study in the
academic community. Thorp (2008) demonstrated that the Kelly Criterion as a means of portfolio
management, together with other techniques and particular knowledge, helped him to achieve a re-
turn of more than 20% with a standard deviation of about 6% a year for 28.5 years, showing that his
achievements as an investor and hedge fund manager were not just “luck” but too much asset man-
agement and, above all, mathematics. In addition to his valuable contributions to blackjack, Thorp
also proved to be one of the most successful stock market investors in history.

Most recently, Baker and McHale (2013) have presented an approach that extends the Kelly Cri-
terion with a focus on modeling uncertainty rather than the original idea based on an estimated prob-
ability. One of the main results found by the authors is that reducing the size of the investment can
provide a better expected utility in the presence of such uncertainty. As real probabilities are usually
uncertain, Chu et al (2018) followed the same starting point when considering uncertainty modeling
and proposed in their approach an analysis of estimators such as Minimax, Bayesian and loss func-
tions in a theoretical decision framework. In addition, Wu et al. (2015), anchored in the Kelly Criterion
and the Kullback-Leibler Divergence (KL), came up with an approach that proved to be positive in
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which an “adaptive probability” is considered over time by analyzing the historical series of the pro-
portion of wins (W) by the total value (W+L) instead of adopting a fixed theoretical probability.

Matej et al. (2021) analyzed the Kelly Criterion, Markowitz's Modern Portfolio Theory (1952) as
well as Informal heuristics used by bettors in sports such as Horse Racing, Basketball and Soccer.
Among their main results were that formal assumptions are considered the best but are impractical
in many scenarios and the Fractional Kelly Criterion may be more suitable. Jacot and Mochkovitch
(2023) have presented an extension of Kelly's model for mutually exclusive bets applied to horse rac-
ing. Furthermore, the study by Kim (2024) has presented a mathematical model called the Kelly Cri-
terion Extension (KCE), an innovative approach aimed at improving the traditional capital growth
function to better adjust to dynamic market conditions.

Despite the many positive aspects of the Kelly Criterion, economist Paul Samuelson (1971) raised
some pertinent reservations about this method. He argued, for example, about the confusion between
the concepts of time horizon and risk aversion, in which many gamblers seek other objectives besides
maximizing financial gains, such as a finite time horizon, maximizing utility or minimizing the risk
of ruin, which could lead to choices other than those suggested by the Kelly criterion. According to
Samuelson, Von Neumann-Morgenstern's expected utility theory was a more consistent and general
model for decision-making under risk. Despite these caveats, it is important to bear in mind that the
Kelly Criterion is not invalidated, but should be carefully analyzed by the people concerned.

In the same way the work published by Claude Shannon (1948) in Information Theory influenced
Kelly Jr. to develop his method, we can also say the Kelly Criterion was one of the great milestones
for studies on the financial market as well as for other fields of science, since through a quantitative
approach to stock and options market analysis it presents us with an important tool for decision the-
ory, resource optimization, and mathematical modeling.

2.10.6.3. Jim Simons: The King of Quant

James Harris Simons (1938-1944), mathematician, cryptographer and pioneer in quantitative in-
vesting, known for the “Quant Revolution”, shaped the financial industry with his innovative and
highly profitable approach. Through the founding of his company Renaissance Technologies and the
Medallion Hedge Fund in 1982, Simons developed and implemented complex quantitative strategies,
based on mathematical models and sophisticated algorithms, to identify patterns in the financial mar-
kets and generate consistent returns over time.

From 1988 to 2023, his investment fund “Medallion” had an average annual return of 40% after
fees. It is estimated that Renaissance Technologies has generated a return of more than US$ 100 billion
since it was founded. In addition, Jim Simons' net worth is estimated to have reached approximately
US$ 31.8 billion. In this sense, he is considered in the financial market world to be the greatest investor
in history.

Simons' approach was based on the premise that financial markets are complex systems, but that
they can be modeled mathematically. His team, according to Simons (2023) was made up of world-
class mathematicians, physicists, astrophysicists, statisticians and programmers, who developed so-
phisticated algorithms to analyze vast amounts of market data, looking for patterns and correlations
that could be exploited to generate profits. In this sense, we can say it was probably one of the first
practical applications of machine learning techniques in the financial market.

Due to the confidentiality contracts Jim Simons signed with his clients, little is known about
what lies behind the whole Renaissance Technologies method, however, throughout history we have
been given some clues such as: highly diversified strategies involving a variety of assets with “high
frequency at low risk” with the aim of minimizing risks while increasing the probability of generating
positive returns.

Normally, on an average day, the algorithms would execute thousands of short-term trades try-
ing to take advantage of small price fluctuations. Another striking feature is that Simons' quantitative
models were constantly updated and refined to adapt to changes in the financial markets, something
that is very similar to what is required in the field of time series studies, as we can see, for example,
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in Giannerini and Rosa (2004), Nason (2006), Levenbach (2017), Hyndman (2018), Makridakis et al.
(2018), Pereira (2022), and Petropoulos et al. (2022), in which we see a variety of mathematical models
and machine learning algorithms that update their respective forecasts with the input of new data.
For those belonging to the field of business management, Chopra (2004) also presents us with a solid
literature covering the main points in time series analysis applied to logistics.

Jim Simons and his hedge fund is a demonstration that it is possible to overcome the Efficient
Market Hypothesis (EMH), i.e. a classical and until then widely accepted approach that, like Markov's
memoryless property of a stochastic process, it is basically impossible/unprovable to predict the future
behavior of the stock market given the investor's current position due to too many variables and
noise/randomness present in the data.

Through Jim Simons and many other names mentioned here who have “beaten the house” we
can say that they serve as a means of corroborating the Adaptive Markets Hypothesis (AMH) pro-
posed by Lo (2004), which emerges as a critique and alternative to the Efficient Markets Hypothesis
(EMH). While the EMH posits that asset prices instantly reflect all available information, making it
impossible to consistently make abnormal profits, the AHM recognizes the complexity and dyna-
mism of financial markets, as well as market inefficiencies.

Inspired by evolutionary biology, AHM argues that market participants, like organisms in an
ecosystem, continuously adapt their behaviors and strategies in response to changing market condi-
tions. This continuous adaptation leads to fluctuations in market efficiency, creating temporary profit
opportunities that disappear as investors exploit these inefficiencies. Therefore, from this theorizing
we can see that there are inefficiencies in the market that we can exploit.

However, it should be clear and understandable despite their success in this market, Simons and
his team did not necessarily find weaknesses in the financial market to the point of significantly com-
promising it. As with Baldwin et al. (1956), Thorp (1966), Diaconis et al. (2007), Bartos et al. (2023),
Simons and his team took advantage of the opportunity to find “unexplored fields” through mathe-
matical models that guaranteed at least a small percentage advantage for the player facing the house.
As aresult, it is known their hit rates were only just over 50%.

The secret for these fellow scientists was not necessarily to always beat the house and make
significant profits, but to mathematically ensure that the advantage, even if it is considered tiny, is
always with them over a given period of time, which is enough to generate small profits continuously
while minimizing the risk of bankruptcy. And frankly, as if it were a paradox, we can consider that
they have won the house.

2.11. Sports Betting

2.11.1. Positive Mathematical Expectation, Logistic Regression and Other Notable Cases

Mathematically, at first, the motto that every bettor often hears is something like “the house al-
ways wins” However, we'll realize in the course of this paper that the motto was just a lie. It is true
that psychological factors tend to have a negative influence on some people, and this discussion will
be centered on another topic later. However, our focus here is purely mathematical and statistical.

In the field of sports betting, the conventional way of beating the house is for the bettor to find a
“value bet”, i.e. the odds of success of an event from the bettor’s point of view are higher than the
odds perceived by the sportsbooks. In particular, with a well-structured historical database it is pos-
sible to find several events in which the odds offered by the sportsbooks are unbalanced.

According to Packel (2006), the concept of mathematical expectation is one of the most important
concepts for rational decision-making in situations of uncertainty. As Stommer (2023) pointed out, in
economics, markets are considered efficient when it is impossible to generate profits in the short, me-
dium and long term.

With the occurrence of these factors of unbalance in the odds, we can say that the sports betting
market does not comply with the Hypothesis of an Efficient Market, due to these inefficiencies in
which the bettor, if anchored with a robust database and applying statistical knowledge, repeats the
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same bets several times on events whose odds are in his favor, inevitably, in the long run the bettor
will have a positive mathematical expected value indicating mathematically guaranteed profits and
consequently beating the house.

Moya (2012) has shown in his approach that, by adopting a considerable edge for the bettor in
relation to the sportsbooks (in the case he analyzed in his study considering 10% or more edge) a
bettor betting consistently on similar scenarios can expect satisfactory profits with basically few
amounts of games even with a modest bankroll. As the author has pointed out and suggested, alt-
hough it is very difficult to find such a large edge, surely this approach based on Half Kelly can be a
good reference for the betting and academic community.

In Dmochowski's paper (2023) we can see another striking example of how a small bias on the
part of sportsbooks (of one point in relation to the real median) has made it possible to generate profit
opportunities for bettors. We can see that even with a robust database and information, sportsbooks
can be very vulnerable to bettors with advanced statistical knowledge.

Just as Stern (2005) addressed concepts such as Point Spread, Spread Bets and Moneyline Bets,
Ramesh et al. (2019) is one of the examples mentioned in the academic literature that, from this same
perspective, demonstrated that it is possible to beat the house through their algorithm that mathe-
matically determines a value bet. Another notable study is the one presented by Stommer (2023), who
demonstrated that it is possible to make consistent profits using a variant of the German lottery called
TOTO 13er Wette, in which players have to predict the outcome of 13 soccer matches (Win, Draw,
Loss).

According to Sumpter (2020) an approach to determining a value bet - this one probably better
known and employed by the professional betting community - is through the use of Logistic Regres-
sion. This technique is usually used to predict the probability of a binary event occurring. In the con-
text of sports betting, this binary event could be, for example, a team winning or losing a match.
Below is an overview of the formula whose result shows an asymptotic curve also called a “logistic
curve”:

1
p(Y = 1|3’51,...,xn) = T 4 e:r:p(*(ﬁo + Biz1+... +5n$ﬂ))

Below you can see the parameters of a logistic regression model and their graphical representa-

tion:

e Beta parameter: Also known as the coefficient, this parameter is estimated using maximum likeli-
hood estimation (MLE). This is represented by f1, fn.

e Log likelihood function: This function is the logarithm of the likelihood function and is maximized
to find the best parameter estimate.

e Intercept term: This is represented by f3o.

1.0+

event predicted

non-event
predicted

| |
T
1.0 1.0 In(p/1-p)

Figure 14. Logistic Regression Curve by Mendling et al. (2012).
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The use of logistic regression was certainly one of the main ways that Sumpter (2020) and his
two students Marius Norheim and Jan Runo made consistent profits from sports betting in 2018. As
aresult, according to various public sources, they obtained a financial return of more than one million
dollars.

Other notable examples of successful bettors include Tony Bloom, who is known for having
amassed enough wealth to acquire Premier League soccer club Brighton, and Matthew Benham, who,
according to Andrada (2021), has acquired another traditional Premier League club, Brentford, in the
same way over the years.

Both of these clubs are also often used as case studies of soccer teams that use mathematical and
statistical knowledge as a powerful weapon throughout competitions and have achieved impressive
results in terms of cost versus benefit, from the administrative structure to the formation of the squad
of players.

2.11.2. Horse Racing

In the 1980s, William Benter (2008) was one of several academics who raised the question of
whether it was possible to beat the house using completely mechanized systems. In his particular
case, he took his knowledge to apply to horse racing. It is known that Benter worked for basically a
decade to develop a robust mathematical and computational model in order to obtain significant
results in terms of profits from horse betting.

According to Silverman (2012) Benter, through his seminal study for the field of horse racing
studies, employed and helped popularize advanced statistical models such as Conditional Logistic
Regression, which has been extended over the years to include the Lasso technique, cyclic coordinate
descent, among others for betting in this sense.

Just as Kelly Jr. (1956) suggested that it is only viable to enter a game when the mathematical
expectation is positive for the player, Benter also focused on extracting value from sports betting, so
that, through an extensive database containing, for example, variables such as the age of the horses,
previous performances, the jockey in question, weather conditions, for

example, the bettor could identify entry opportunities and always have an advantage over the
odds offered by the bookmaker. Through these small profit margins (as presented by Benter, between
.25% and .50%) on each individual bet, over the long run, he was able to make a satisfactory profit.

It is common knowledge that Benter's adventures in betting, sometimes in company with his
gambling partner Alan Woods, led to a profit of US$1 billion from betting and horse racing prediction
software.

2.11.3. Dixon-Coles and the xG Expected Goals Model

According to Michels et al. (2023), it was through Maher (1982) that the academic community
had its first systematic study on the analysis of goals from a probabilistic point of view, as well as the
analysis of the “attacking strength” and “defending strength” of teams in men's soccer. In this study
by Maher (1982), the Poisson model found it difficult to “match” the results of the games and so the
author opted to continue his studies using the negative binomial distribution.

The Dixon-Coles model, introduced by Stuart Dixon and Stuart Coles (1997), according to
Koopman and Lit (2015) is an extension of the Poisson model with a non-stochastic time function. As
we can see from Sumpter (2017), the model evaluates the joint probability of the number of goals
scored by two teams in a match, taking into account factors such as the strength of each team's attack
and defense, as well as in a general context evaluating each team with the overall average of all teams
in a tournament, as well as evaluating home-field advantages.

According to Altmann (2004) the basic modelling of this model assumes that the number of goals
Xand 'Y, scored by the home and away teams respectively, follow independent Poisson distributions:

Aexp(—A) pYexp(—p)
x! y!

Pr(Xij=2,Y; =y) = Tau(,9)
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where,
A = aiBjy
p = ;b

The Dixon-Coles model adjusts this structure, introducing dependencies in cases of low goal
count (e.g., 0-0 or 1-1), through an adjustment factor (o), which corrects the overestimation or under-
estimation of probabilities. The Dixon-Coles model is a very useful methodology for analyzing team
performance over time and, to a certain extent, serving as a way of “predicting” future results.

In addition to the Dixon-Coles model, as pointed out by Sumpter (2017) the xG (expected goals)
metric is a more recent approach, developed with the aim of quantifying the quality of shots in soccer.
Each goal attempt is assigned a probability of success between 0 and 1, based on contextual charac-
teristics such as the distance and angle of the shot in relation to the goal; part of the body used (feet,
head, etc.); position and movement of players and opponents, dividing the field into “zones” and
thus calculating the respective probabilities as pointed out by Rathke (2017), analysis of goal oppor-
tunities through set pieces according to Spearman's OBSO model (2018), among other possibilities.

o 0 40 60 80 100 120

Figure 15. xG Model by Hewitt e Karakus (2023).

Normally, to determine the value of xG for a specific shot, we can use non-linear regression,
logistic regression, as well as machine learning algorithms, as presented by Hewitt and Karakus
(2023).

According to studies carried out by Umami et al. (2021) after analyzing the results of all the
events of the 5 main soccer leagues in Europe in the 2019/2020 season, we can reach some conclusions
such as:

e Most kicks occur between 10 and 20 meters away,

e  Kicks with distances equal to or less than 6 meters or kicks with distances equal to or greater than
34 meters, are considered to occur very infrequently,

e  Asexpected, players rarely take kicks from less than 5 degrees, corresponding to a center shot
close to the goal.

The xG model, unlike the Dixon-Coles model, aims to evaluate more specific contexts within a
soccer match, for example, when evaluating the teams' performance in terms of quality, such as ana-
lyzing the ratio between the number of goals scored and the number of chances created by the teams
given certain parts of the pitch. In this sense, for example, a frontal shot 15 meters from the goal may
have an xG of .325 (32.5%) probability of being converted. It is also used to quantify the impact of
teams' tactical decisions. Another notable study, we can see that Hirotsu and Wright (2002) adopted
the Markov process model to analyze the optimal time period for substituting players as well as mak-
ing tactical decisions on the pitch in a soccer match.

As highlighted by Yates (2023), the deliberate search to predict future results is a natural part of
being human; however, according to Spiegelhalter et al. (2011) we must be careful not to fall into
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mental traps that can cause us to see patterns where none exist. In this sense, it is important that when
we try to model phenomena in which the uncertainty factor is very present, as is the case with sports,
the scientific method, mathematics and statistics will be our main allies in identifying coherent pat-
terns.

2.11.4. Artificial Intelligence Applied to Sports Gambling

In times when technologies such as Artificial Intelligence and its offshoots like Machine Learning
and Deep Learning are becoming increasingly popular, it is worth considering that they could also be
allies for users in the art of making predictions.

Among some studies we can highlight Hubacek et al. (2019) who used machine learning models
that demonstrated it is possible to obtain cumulative profits in basketball games with the NBA case
study; Friligkos et al. (2023) applied the logistic regression model combined with Artificial Intelli-
gence as a means of predictive analysis in tennis games and; Kim (2023) demonstrated that his CNN
(Convolutional Neural Network) algorithm was useful for predicting 494 out of 540 possible out-
comes of Korean professional basketball matches after considering more than 70 variables in his
model, as well as analyzing wins with 5 or 6 point advantages, for example, during the 2017/2018 to
2022/2023 seasons.

2.11.5. Moneyball

Lewis (2004) goes into great detail about the story of triumph starring Billy Beane - a general
manager of the Oakland A's - a traditional baseball team who, experiencing chaos in his team, such as
sudden budget cuts and internal problems, begins to look for ways to develop a competitive team
with the smallest possible budget.

It is known that Beane meets up with the young and brilliant Paul DePodesta, who becomes his
assistant. During this time, they began to apply advanced statistical and analytical models to the
world of sports. As discussed by Lewis (2004), statistical models indicated the signing of players,
generally of dubious ability (according to what baseball experts knew at the time), who could be very
important if placed in suitable positions by evaluating aspects such as batting average and player
speed.

Taking into account the potential of these statistics and data science tools, the Oakland A's had
become one of the greatest teams in baseball history in the 2002 Major League Baseball (MLB) season
by winning 20 consecutive games and, shortly afterwards, the team won the American League West
Division. Despite not succeeding in the post-season, in which they were eliminated, the story of the
Oakland A's has become one of the most emblematic examples to be followed, as they have shown
that it is possible to obtain excellent results even with few resources using science and statistics and
their techniques.

2.11.6. Arbitrage (Surebet)

According to Buchdahl (2003) arbitrage (also known as surebet) in sports betting is a strategy
based on exploiting discrepancies between the odds offered by different bookmakers for the same
sporting event. This phenomenon occurs due to differences in probabilistic modeling, manual adjust-
ments in the markets and variations in betting demand. The principle behind sports arbitrage is sim-
ilar to financial arbitrage, where an asset is traded simultaneously on different markets to make a
risk-free profit. Buckle and Huang (2018) demonstrated the study and practical applications of arbi-
trage in rugby matches.

Mathematically, arbitrage occurs when the sum of the implicit odds of an exhaustive set of bets
is less than 1. Formally, let Os, O,..., Ox be the odds offered for the possible outcomes Ri, R, ..., R» of
an event. We define the implicit probability of each odd as:
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P=—

If the sum of these probabilities is less than 1:

Zn:R; <1
i=1

Consider a tennis match between two players, A and B, and two different bookmakers, each of-
fering odds for both players to win:

Table 5. Arbitrage analysis in a hypothetical tennis match.

Bookmaker Odd for A to Win Odd for B to Win
Bookmaker 1 21 1.8
Bookmaker 2 1.95 2.05

To identify an arbitrage opportunity, we check the implied probabilities of the best odds available
from the various bookmakers analyzed:

Best odd for A to win: Oa =2.10 (Bookmaker 1)

Best odd for B to win: Os =2.05 (Bookmaker 2)

We calculate the implicit probabilities:

1 1
Py =57 ~ 04762, Pp= 5o ~ 04878

adding up the probabilities,
P4+ Pp = 0.4762 + 0.4878 = 0.964

As 0.964 < 1, there is an arbitrage opportunity.
Now, as another hypothetical example, let us calculate the optimal allocation for a total bankroll
of €100. The fraction of the capital to be bet on each outcome is given by:

Py 0.4878
Sy=—F  «100=———"2° 1 100~ 50.6
A=P 1P " 0.4762 1 0.4878
Py 0.4762
Sp=—2  %100=——"10% 100~ 494
B~ P.+ Py 0.4762 + 0.4878

If we bet €50.6 on A to win and €49.4 on B to win, the return will be:

e If A wins:50.6 x2.10 =€106.26
. If B wins: 49.4 x 2.05 =€101.27.

The net profit for team A if they win will be €6.26, which means a return on investment of 6.26%.
On the other hand, if team B wins the net profit will be €1.27, meaning a return on investment of
1.27%. In both scenarios we see a guaranteed profit for the bettor, regardless of the outcome. As we
can see, in addition to positive mathematical expectation, bettors have the arbitrage technique as a
tool that mathematically offers risk-free bets.

Grant et al. (2018) analyzed arbitrage opportunities in the soccer betting market, showing that
bookmakers' management practices, such as limiting amounts to be bet and even excluding accounts,
limit their exploitation by bettors. The authors classified bookmakers into two large groups: position-
takers, who adjust odds infrequently but impose restrictions on informed punters, and book-balancers,
who adjust odds constantly but apply fewer restrictions on punters. According to the results, 545
arbitrage opportunities were identified, but around 50% involved betting on the favorite with posi-
tion-takers, whose operational restrictions make arbitrage unfeasible in practice.
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We can say that the bookmakers' management practices, as well as possible miscalculations on
the part of the bettor and, generally, a short period of time to analyze different odds at various book-
makers, make this one of the main limitations of this technique in the world of sports betting.

2.11.7. To Win, To Lose, To Fail to Win, To Avoid Losing and To Break Even

We can say that within the world of sports betting, there are 5 fundamental elements to under-
stand and which are crucial and constantly present in the life of any bettor. These include:

Table 6. Some of the elements that make up an understanding of the world of sports betting.

Concept Meaning
To Win It means that an individual bet or a sequence of bets on a single
ticket at the end of the event or sum of events has returned a full
positive expected value for the bettor.

To Lose It means that an individual bet or a sequence of bets on a single
ticket at the end of the event or sum of events has returned a full
negative expected value for the bettor.

To Fail to Win This means that an individual bet or a bet with a sequence of
events on a single ticket ultimately resulted in a partial win due to
actions such as the player cashing out. We can also consider the
scenario in which the bettor observed an opportunity to enter an
event but did not have time to carry out the fransaction
confirming the bet and. at the end of this event, it was confirmed
that the result would be positive for the bettor.

To Avoid Losing It means that an individual bet or a bet with a sequence of events
on a single ticket at the end resulted in a partial loss due to actions
such as the player cashing out.

To Break Even It means neither making nor losing money. i.e. taking measures to
guarantee and/or ‘recover’ the “initial investment” in each stake.

In addition to the mathematical and statistical approach, although it is not clearly well docu-
mented in academic materials, understanding these 5 elements mentioned above can be crucial for a
bettor to be characterized as “professional” or not, i.e. one who bets only occasionally for “fun”. As
we can also see, these 5 elements are more directly linked to the emotional aspect of the person.

In the world of sports betting there is a consensus that there is only a small proportion of bettors,
usually between 2% and 5%, who are constantly profitable and, therefore, another proportion of
these, with betting being a significant part of their sources of income. Therefore, we can infer it is a
market in which the vast majority of bettors will have a negative expected value in the long term,
mainly due to some factors such as the absence of:

e  bankroll management;
e  knowledge in statistics and mathematics;
¢  knowledge of the sport in question;
e understanding the world of sports betting;
e  emotional aspects.
As we can see above, there are a number of factors that make the vast majority of bettors unprof-

itable in the long term, in addition to the fact that mathematical expectation is naturally against the
bettor due to administrative fees. Among these factors, surely the most important is the emotional


https://doi.org/10.20944/preprints202504.1788.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 April 2025 d0i:10.20944/preprints202504.1788.v1

43 of 129

factor, from advertising issues as a way of making money in a short space of time in front of their
electronic devices to the randomness factor present in sporting events.

Another important point is that bettors don't reconcile their realistic winning expectations with
the value of their stake and the size of their bankroll. It is too complicated to stipulate what would be
a certain range of values in which we can consider a “realistic expectation” of daily winnings due to its
subjective nature. However, one pattern I have observed over the last few years is that among those
sports traders who consider themselves ‘professionals” and make a living from it, the 'realistic expec-
tation' of daily winnings usually ranges from 0.25% to 2% of the total value of the bankroll per day.

Therefore, those who don't have a basic financial education may be susceptible to exposing
themselves to more unnecessary risks and, as a result, wearing themselves out more. When it comes
to bankroll management aligned with emotional management, there are two classic mistakes which
are responsible for many bettors losing money. We can mention the practice of “all win”, i.e. putting
all the money in the bankroll on a single bet and deliberately trying to recover as quickly as possible any
amount lost on previous bets, which further increases the financial losses for the bettor.

Another important point to highlight, the number of bets does not necessarily imply greater
winnings and ‘money’ for the bettor. This is another classic mistake which, in addition to exposing
oneself to a greater tendency to financial losses, also corroborates the possibility of increasing the
tendency to become a betting addict.

Inevitably, I was able to observe another pattern: professional bettors usually spend a good part
of their lives living in a dice paradise, i.e. betting is basically their profession, and they have more time
to analyze data and statistics about the sport in question. What's more, they tend to have an income
that allows them to “train” their betting strategies as well as a mind trained to deal with the psycho-
logical biases that are natural in this environment.

What I mean is that, considering that a large part of a nation's population is considered to be
struggling for basic survival and adding advertising issues, psychological biases, the randomness
factor of sports and the lack of basic knowledge of finance, mathematics and statistics, this population
tends to be more vulnerable and, therefore, this can explain why the vast majority of bettors tend to
lose money in this market. We are starting from a principle similar to that addressed by Kahneman
and Tversky (1979) that the impact of a financial loss resulting from a sports bet tends to have an even
more significant impact on this sub-group of the population, since, when fighting for basic survival,
every loss tends to be felt even more, which can get out of hand with the emotional side of these
people.

Still on emotional aspects, Walker et al. (2008) highlight the contradiction between the economic
logic of “expecting to win” and the behavior of the modern gambler, i.e. playing even with the expec-
tation of losing, and propose that psychology needs to explore more deeply the motivations behind
this activity.

It is common to observe that some government institutions place all the blame for this scenario
on sportsbooks and advertising media as a way of mitigating the level of their incompetence in man-
aging the public good, which we can see as somewhat misguided. However, if these same people
could have a decent life expectancy and a decent job opportunities, those who enter this world of
sports betting precisely for financial reasons would probably rethink things several times over with-
out having any prior knowledge of basic fundamentals. Therefore, there is a whole economic, political
and social context behind the boom in sports betting and its consequences around the world.

Even if a person has all the financial peace of mind, time and robust knowledge of the mathe-
matics behind this market, there are still cognitive factors and the inherent randomness of the game
that can affect them in some way, after all, we are all human beings and we are not immune to mis-
takes and bad luck. It is a challenging market, but it is possible to beat it in practice, consistently over
the long term.

In short, the world of sports betting goes beyond the mathematical and statistical aspects to in-
clude other areas such as knowledge of the sport itself, as well as psychology and randomness in the
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sense of unexpected events. Next, we'll look at the ‘equation’ that shapes sports betting from a bettor's
point of view:
Bettor's equation = Knowledge of the sport + Knowledge of finance, mathematics and statistics + Psycho-
logical factors + Random noise.

2.12. Psychological and Statistical Bias

2.12.1. Humaness vs Randomness

Human beings are naturally terrible at trying to generate a sequence of numbers that they con-
sider random. Although this discussion is not new and has been documented by Teigen (1983) we
see that, for example, when we put several people from different parts of the world to choose from a
range of 1 to 12, the number that stood out the most was the choice of number 7. This may be due,
among other reasons, to the fact that people, in an attempt to appear random, end up disregarding
the choice of numbers at either end of the range.

Other experiments over this time have also been carried out by fellow scientists and, even if we
consider a wider range of numbers, for example between 1 and 50, the number 7 or some other “cen-
tral” numbers such as 27 are also chosen more often than the others. It is certainly a very interesting
exercise to do in order to verify in practice this human bias that seems to be timeless.

One of the most recent studies in this line of research is Van Koevering and Kleinberg (2024),
whose aim was to assess the level of humaness when faced with the process of generating random
sequences. This paper provides us with an interesting discussion about the natural inability of human
beings to try to be "random". Therefore, when placed in an LLM (Large Language Model) approach,
we will see that when machines have a randomness bias in their database due to the human factor,
they also tend to reproduce these biases. In some cases, much worse than the sequences generated by
humans.

2.12.2. Controversies of the Sports Betting World

Contrary to the colorful world of the small percentage of constantly profitable users, there is a
rather dark side to the majority of users. Although the business model of bookmakers is to offer their
users an entertainment, we can't ignore the fact that with the impression that they can obtain a quick
financial return easily accessible from a mobile device or computer, many users in turn end up “nat-
urally” considerably increasing the risk of becoming addicted to betting.

Yiice et al. (2022) carried out a robust study on the possible main motivations that lead an indi-
vidual to become addicted to gambling. Among their main findings were that individuals who enter
a bookmaker with the intention of making money, socializing or simply being in a game in the sense of
getting something in return, are certainly much more likely to become addicted. On the other hand,
those individuals who are aware that this business should only be seen as a sporadic source of enter-
tainment, fun and just getting to know how a sport or bookmaker works, will be less likely to become
addicted to gambling.

According to Killick and Griffiths (2021) through their extensive systematic review of 22 papers
on the subject, they came to the conclusion that the most significant impact of sports betting market-
ing is observed in individuals who already show signs of gambling problems.

This suggests that marketing can exacerbate existing gambling problems. As such, it is a further
means of drawing the attention of public authorities to the health and economic impacts.

The impact of this world of betting is already having a strong influence on the economies of
nations around the world. In Brazil, for example, according to a report by XP Investimentos (2024),
this market has an average annual turnover of approximately 22 billion US dollars. In this sense,
supermarkets, for example, have seen a decrease in consumption, since this percentage, which could
be used to boost this and the most diverse sectors of the economy, is being used exclusively for sports
betting. Thus, we can say that betting has been a strong “competitor” for other sectors of the economy
and, therefore, has increasingly become part of the culture of a people in different nations.
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Heine (2022) has pointed out that online sports bettors tend to be younger and spend more
money than other types of gamblers. This concern for young people was also well addressed by Ara-
gay et al. (2021). In addition, online gambling is becoming increasingly normalized and easily acces-
sible. The "faceless" nature of online platforms removes some of the barriers associated with tradi-
tional gambling, making it easier for anyone to participate. In Brazil, for example, it has been ob-
served that pensioners as well as people who receive some kind of government aid because they are
in situations of social vulnerability have also used part of their savings for sports betting.

Another relevant point highlighted by Heine (2022) was the correlation between gamblers, es-
pecially young gamblers, acquiring other addictions, such as alcohol and other drugs, as well as ac-
quiring depression later in life. This suggests a possible link between gambling and other risky be-
haviors, which is important to consider when thinking about long- term consequences.

2.12.3. Why Do Some Bettors Lose More Money Than Others in Sports Betting?

The study by Buhagiar et al. (2018) investigates why some soccer bettors lose more money than
others by analyzing the presence of the favourite-longshot bias. In efficient betting markets, bettors are
expected, on average, to break even before costs but consistently lose after costs due to the bookmak-
er's margin.

The authors applied a sample of 163,992 odds from ten European leagues, and tested some hy-
potheses about whether the excessive losses of some bettors stem from behavioral bias or the inherent
unpredictability of certain sporting events. As a result, this study confirms the favourite-longshot
bias in soccer, but reveals a finding that was not initially anticipated: bookmakers' odds are better
predictors for underdogs than for favorites when considering the Brier score. This suggests that bet-
tors preference for underdogs can amplify their losses, not only because of the adverse odds, but also
because bookmakers model these events better than the bettors themselves.

Buhagiar et al. (2018) also emphasized that the greater the accuracy of bookmakers in predicting
sports results using their robust databases and machine learning techniques, the greater their profits
will be and, consequently, the greater the losses for bettors in the long run due, above all, to the law
of large numbers and the bookmaker's fee itself embedded in the calculation. In this sense, the authors
also raised the importance of policy-makers re-evaluating the issue according to the traditional eco-
nomic model that new competitors in this sports betting market will not cause bettors to lose less
money, but quite the opposite.

2.12.4. Ostrich Effect

The “Ostrich Effect”, a term coined by Galai and Sade (2006), is a psychological bias in which
the individual avoids negative or threatening information, even if it is relevant to decision- making,.
The term derives from the popular belief that the ostrich, when it feels threatened, sticks its head in
the sand, ignoring the danger. In real life, an individual may seek to protect themselves from negative
emotions, such as fear, anxiety or stress, by avoiding information that could trigger them.

As predicted by the ostrich effect, Galai and Sade (2006) in their seminal study of financial mar-
ket investors found evidence that the difference in return between liquid assets (T- bills) and illiquid
assets (bank deposits) is greater in periods of greater uncertainty. This suggests that investors prefer
to avoid the discomfort of facing negative information in times of uncertainty by opting for illiquid
assets that provide fewer market updates. As we saw earlier, although the preference for illiquid
assets in times of uncertainty can be influenced by multiple factors such as the search for security and
risk aversion under uncertainty, it is notable that the ostrich effect played a relevant role in the results.

According to Karlsson et al. (2009) through their innovative approach in their decision- theoretic
model on selective attention to information, ostrich-like behavior transcends the field of finance and
can be present in various areas of life since the avoidance of something can manifest itself in various
ways, such as ignoring negative news, avoiding conversations on unpleasant topics or procrastinat-
ing important tasks. Parents who take their children to the doctor's office for tests for some kind of
illness or disorder and people who are about to undergo tests to check if they have contracted a


https://doi.org/10.20944/preprints202504.1788.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 April 2025 d0i:10.20944/preprints202504.1788.v1

46 of 129

sexually transmitted disease can exhibit this same behavior. It is therefore an important concept in
the field of behavioral economics, which also shapes the global economy.

2.12.5. Kahneman and Tversky Approaches

Over several decades Kahneman and Tversky have carried out several seminal studies in the
field of psychology and behavioral economics which have led to the development of many important
concepts for this field of study, some of which are directly related to the world of sports betting.

Tversky and Kahneman (1974) came up with the concept of the Anchoring Effect, which is a psy-
chological bias in which individuals have a tendency to rely too much on an initial piece of infor-
mation (the “anchor”) when making decisions. In sports betting, the anchor can be an initial tip, a
statistic or an expert comment, even if this information is not entirely reliable.

Bettors can use these anchors as a reference for their own decisions, which can lead to distorted
assessments of the odds and inappropriate betting choices based on subjectivism and emotions rather
than rational, probabilistic thinking.

In their seminal paper, Kahneman and Tversky (1979) introduced Prospect Theory, which de-
scribes how people make decisions under risk and uncertainty, challenging the widely accepted Ex-
pected Utility Theory of classical economics. Prospect Theory shows that people don't evaluate gains
and losses in a linear way, and exhibit loss aversion, i.e. losses are weighted more heavily than gains.
In addition, another important concept raised was reference dependence, i.e. choices are influenced by
a perceived reference point.

Among the key components of Prospect Theory are functions such as concavity for gains, that is,
people are generally risk-averse when it comes to gains. As an example, the difference between a gain
of $100 and $200 feels greater than the difference between $900 and $1000, even though the absolute
difference is the same. Another important function we have convexity for Losses, that is, people are
generally risk-seeking when it comes to losses. The pain of losing

$100 is felt more strongly than the pleasure of gaining $100. This can lead to people taking greater
risks to avoid a sure loss.As a consequence, losses are perceived as steeper than gains, that is, loss
aversion means that the pain of a loss is felt more strongly than the pleasure of an equivalent gain.
This is often expressed as a ratio—for instance, losing $100 feels about twice as bad as gaining $100
feels good, for example, a loss of $100 feels about twice as bad as a gain of

$100 feels good. These examples can be better explored by looking at the image below.

VALUE

LOSSES GAINS

Figure 16. A Hypothetical Value Function by Kahneman and Tversky (1979).

Kahneman and Tversky (1979) also raised the so-called Weighting Function, which describes how
individuals perceive probabilities. It suggests that:

° Small Probabilities are Overweighted: people tend to overestimate the likelihood of rare events, es-
pecially when those events are highly salient, e.g., winning the lottery, being involved in a plane
crash;
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e Moderate and Large Probabilities are Underweighted: people tend to underestimate the likelihood of
common events;

e Certainty Effect: people place a disproportionately high value on outcomes that are certain, com-
pared to outcomes that are merely probable, even if the difference in probability is small. This
drives risk aversion for gains and risk-seeking for losses near certainty.

Prospect theory has had a profound impact on various fields, from finance, marketing, negotia-
tion to public policy. As for the field of study of the sports betting world, we could say that Prospect
Theory through the concept of loss aversion can mean that a bettor who has already suffered signifi-
cant losses may feel inclined to place riskier bets, with very high odds, in the hope of recovering
everything at once, distorting the real probabilities of success and further compromising their bank-
roll management.

2.12.6. Momentum Effect on Sports Betting

Moskowitz (2021) deepened his studies on the world of sports betting from the perspective of
risk analysis and bettor behavior by testing whether betting returns are explained by behavioral the-
ories (investor bias) or rational asset pricing models.

The author demonstrated after analyzing 100,000 contracts over three decades that in sports bet-
ting there is no systematic risk as there is in other financial markets, but rather “momentum” and
exogenous terminal values, i.e. the results of matches. In this sense, momentum can be described as the
behavior of bettors to give more “value” to the recent behavior of favorite teams that have performed
excellently in recent matches.

This lack of analysis of a team's long-term performance over a longer period of time tends to
lead bettors/investors to over-react (rather than rationally pricing). The effect is similar to what hap-
pens in the financial markets, where stocks that have performed well recently tend to attract more
investors, generating a price bubble. As a consequence, these bettors face much greater risks due to
this natural imbalance of odds due to the psychological biases that resonate with most bettors, influ-
encing the market as a whole. It is known that after the moment of euphoria, prices tend to adjust to
the natural pattern.

With the momentum effect as a basis, Moskowitz (2021) analyzed contract opportunities by bet-
ting against the momentum effect. As a result, the strategy of betting against momentum could gen-
erate an average return of 6.34% per year. An interesting return in which we could place it in the
category of beating the house, however, due to the existence of bookmaker fees this option becomes
mostly not applicable and/or not 'rewarding' for the bettor in the long term. Vizard (2023) also ana-
lyzed the momentum effect in his study and reached similar results in line with the theory of limits to
arbitrage, which suggests that certain inefficiencies in this market may persist because costs and re-
strictions prevent traders from fully exploiting them.

2.12.7. Gambler's Fallacy

According to Clotfelter and Cook (1993) in their studies on the behavior of gamblers in lottery
games, the gambler’s fallacy, also known as the Monte Carlo fallacy, refers to the erroneous belief that
the ocurrence of a random event influences the probability of subsequent independent events. This
psychological bias is predicated on the misconception that deviations from expected statistical distri-
butions must be corrected in the short term, leading individuals to anticipate a reversal of outcomes
following a sequence of similar events.

Formally, the gambler’s fallacy can be illustrated within the context of a sequence of Bernoulli
trials, where each trial is statistically independent and identically distributed. Consider a ‘fair coin’,
where the probability of heads or tails is uniformly P(H) = P(T) = 0.5 for each trial. The fallacy mani-
fests when an observer, after witnessing a series of heads, irrationally concludes that the probability
of tails in the subsequent trial is elevated, disregarding the independence of each event.

Despite different approaches, Taleb (2016) explores psychological biases, above all by describing
the role of randomness and chance in our lives, especially in the financial markets. Taleb argues that
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we often confuse luck with skill and fail to recognize the impact of uncertainty, the natural random
noise present in outcomes.

Another point to highlight in Taleb's (2016) work is the survivorship bias, i.e. people tend to want
to hear about those who have succeeded (survivors), ignoring the vast majority who have failed,
which leads us to overestimate the effectiveness of certain strategies.

2.12.8. The St. Petersburg Paradox

The St. Petersburg Paradox is a classic problem in decision theory and mathematical economics,
introduced by Daniel Bernoulli (1738). It illustrates a scenario in which the mathematical expectation
of a gambling game is infinite, but, paradoxically, most people would not be willing to pay a high
amount to participate.

The game consists of a fair coin that is tossed repeatedly until the first “face” occurs. The prize
paid to the player is 2" monetary units, where 7 is the number of tosses needed to get the first “face”.
Thus, the payout is structured as follows:

20 1 (o8]
EX]=) 2" —=) 1=o0.
n=1 2 n=1

This at first suggests that a rational agent should be willing to pay any amount to take part in the
game, since its expected value is infinite. However, empirically, individuals do not demonstrate this
willingness, which sets up the paradox.

Bernoulli argues that individuals don't make financial decisions based solely on the mathemat-
ical expectation of return, but rather on the expectation of expected utility. This principle is one of the
explanations why people would not be willing to pay large sums to enter the St. Petersburg game,
even though its expected value is infinite

He also suggested that individuals evaluate monetary gains by means of a concave utility func-
tion, such as logarithmic utility:

U(x) = In(x),
which leads to a finite expected value for the game and justifies why agents wouldn't pay arbitrarily
high amounts to participate. Below is a figure illustrating Bernoulli's theorizing.

The Figure 17 of Bernoulli's utility curve (1738) visually represents the idea that a person's satis-
faction with wealth increases at a decreasing rate. This idea is fundamental to the author's solution to
the St. Petersburg Paradox, as it explains why people don't act according to the infinite expected value
of the game, but rather the expected utility, which is not infinite due to the diminishing marginal
utility of money.
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3

Figure 17. Bernoulli's Utility Curve (1738).

2.12.9. Simpson’s Paradox

As Bonovas and Piovani (2023) pointed out, the expression paradox comes from the Greek word
paradoxon. In this sense, it refers to everything that contradicts common sense, thus making a strong
intersection between logic and philosophy.

Simpson's paradox is a statistical phenomenon in which a trend observed in several separate
groups is reversed or disappears when these groups are combined. This paradox arises when the
analysis of the sum of all the data leads to a different conclusion from the analysis of the separate
data, due to the presence of hidden variables (or confounding variables) that affect the results. This
illustrates how, in certain situations, the interpretation of data can be misleading if we don't consider
the relevant subdivisions or variables, which can consequently lead us to make the wrong decisions.

.

expression of gene B

expression of gene A

Figure 18. Simpson’s paradox or the Yule-Simpson effect. A correlation between gene A expression and gene B
expression appears to be positive when cells are thought to belong to different cell types (blue and red) and neg-
ative when cells are thought to represent one cell type (black, dashed). Golov et al. (2016).

Although this paradox was first published in a technical paper by Simpson (1951) and, a few
years later through Blyth (1972) was finally coined “Simpson's Paradox”, we see that other scientists
in earlier periods came to similar conclusions in their studies, as was the case with Karl Pearson (1899)
and Yule (1903).

Simpson's Paradox is very important for studies in various fields of science, however, it has been
best known and constantly used in areas related to biological sciences through biostatistics. Some
examples of its application in the field of biostatistics include the results published by Kiigelgen et al.
(2021) to analyze the dynamics of the COVID-19 pandemic by separating age-related effects from
other unrelated variables and, more recently, the work of Bonovas and Piovani (2023) to analyze this
paradox in clinical research.
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2.12.10. The Berkson’s Paradox

The Berkson's paradox, also known as selection bias or Berkson's fallacy, describes a situation where
statistical dependence between two attributes that are marginally independent in the general popu-
lation appears as a negative correlation when observed within a restricted sample. This phenomenon
arises when the sampling process is conditioned on the presence of at least one of the attributes, lead-
ing to a skewed representation of the population. Consequently, the observed association within the
sample can lead to erroneous conclusions about the relationship between the attributes in the broader
population from which the sample was drawn.

Belair (2025) shows us a classic example of this paradox in medical studies. Suppose that two
diseases are independent in the general population, but the sample is taken only in one hospital. If
the patients in the hospital tend to have at least one of the diseases, it may appear that the two diseases
are negatively correlated, which is an illusion caused by selection bias.

Although both Simpson's Paradox and Berkson's Paradox are formally statistical biases, we can
say that, in parts, they are also psychological biases, since our minds tend to simplify or generalize
patterns without considering nuances or deeper contexts.

This paradox underscores the critical importance of considering sampling mechanisms when in-
terpreting statistical associations, particularly in contexts where data collection is non- random and
conditioned on specific characteristics.

2.13. Game Theory

2.13.1. A Brief Historical Context of Game Theory

According to Packel (2006) a game can be understood as a set of players who follow a set of
established rules in which their actions and strategies lead them to different end results containing n
payoff values. In this sense, the game theory is a branch of applied mathematics dedicated to the study
of strategic situations in which individuals or entities (called “players”) make decisions that mutually
affect their outcomes. In other words, game theory seeks to model and analyze situations of strategic
interaction, where one player's choices directly influence the rewards or penalties of other players.

As Osborne (2004) pointed out, Game Theory is a vast field that goes beyond the boundaries of
games, serving to understand and model economic, political and biological phenomena, for example.
As with other sciences, according to Barron (2024) Game Theory is built and sustained through mod-
els, which are based on our abstractions that occur through our observations and experiences of the
natural world.

Although game theory is a relatively recent field of science, according to Bortolossi et al. (2017)
it had already been developed little by little by some scientists around the world when dealing with
certain concepts are predominant today.

According to Bellhouse (2007) and Bortolossi et al. (2017) in 1713, the concept of Mixed Strategy
emerged through the game Le Her, a study carried out by James Waldegrave (1684- 1741) and de-
scribed by him in a letter to Pierre Rémond de Montmort (1678-1719) who in turn met a short time
later with Nicholas Bernoulli to discuss the work and the publication of the work “Essay d analyse sur
les jeux de hazard” took place. This study sought to demonstrate a strategy that maximized the proba-
bility of success regardless of the opponent's choices. In this sense, it was a great reference for the
emergence of new studies on mixed strategies over the years.

As highlighted by Bortolossi et al. (2017) more significant advances occurred from the 20th cen-
tury onwards, when Ernst Zermelo (1871-1953), in 1913, published a theorem on the game of chess in
an article entitled “Uber eine Anwendung der Mengenlehre auf die Theorie des Schachspiels”, stating that,
in the course of a game, at least one of the players has a strategy that will lead to victory or a draw.

As pointed out by Osborne (2004), Game Theory gained further development from the 1920s
onwards through the pioneering work of Emile Borel (1871-1956) who, as can be further explored in
Bortolossi et al. (2017), published notes on symmetrical zero-sum games with two players and a finite
number of pure strategies for each player, as well as pioneering approaches to the development of
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other important concepts such as pure strategy in which according to Chen (2022) a player chooses a
single action with certainty and, mixed strategy, a player chooses randomly between several actions,
with specific probabilities, for example.

According to Osborne (2004), game theory began to be highlighted as an individual field through
the pioneering articles by von Neumann and Oskar Morgenstern (1944) in their work entitled “Game
Theory and Economic Behavior”. Other important developments in this field as highlighted by Osborne
(2004) were made by John Nash in the 1950s and, a little later, in the 1970s, with the emergence of
game theory applied to the field of evolutionary biology, whose outstanding works we can mention
Maynard Smith, a British theoretical biologist who applied the concepts of game theory to understand
the evolution of animal behavior. His seminal works, such as “The Logic of Animal Conflict” (1973) and
“Evolution and the Theory of Games” (1982), are considered fundamental milestones in the development
of evolutionary game theory.

A notable paper was Stackelberg's (1934) approach which provides the academic community
with a sequential game model in game theory, where one company - the leader - makes a decision
first, and another company - the follower - observes this decision and then makes its own decision.
This approach contrasts with the classic and important economic model of Cournot (1838) in oligop-
oly scenarios, where companies make decisions simultaneously.

Among some practical applications of Stackelberg's (1934) approach we can mention Kar et al.
(2017) who applied this theoretical basis to analyze issues involving public and private security from
security measures in ports through illegal practices to cyber attacks by modeling the relationship be-
tween attackers and attacked.

The authors Starikova et al. (2019) as well as WOlfl et al. (2022) analyzed that the interactions
between doctors and cancer cells can be modeled through game theory in which the Nash Equilib-
rium and Stackelberg Equilibrium were analyzed as well as the differential equations present in the
Lotka (1925) and Volterra (1926) mathematical model. As a result, it was realized that the Stackelberg
approach in which the doctor assumes the role of “leader” and the cancer cells as “led” can provide
‘advantages’ for the doctor that can influence some advantage for the elimination of cancer in pa-
tients. Another important result was that the Lotka-Volterra (LV) model with its more specific ap-
proach to population dynamics supports strategies such as adaptive therapy, showing that control-
ling the evolution of the tumor can be more effective than aggressively trying to eradicate it.

Anscombe and Aumann (1963) published a seminal paper that provides a rigorous axiomatic
basis for subjective probability. In essence, the authors sought to answer the question: how can we
mathematically formalize the notion of probability when it represents an individual's personal beliefs,
rather than objective frequencies? Although their implications are also concentrated on the field of
Decision Theory, that is, according to Osorio (2010) on the aspect of analyzing better decision-making
under uncertainty from the point of view of an individual rather than the dynamics of two or more
players as occurs in game theory, we see that they have raised an important basis for dealing with
and measuring uncertainty.

Harsanyi (1967), by transforming games with incomplete information into games with imperfect
information, developed a way of analyzing games where the players do not have complete infor-
mation about the other players, transforming them into games with imperfect information, where
uncertainty is represented by a nature player.

We say that the “player nature” defined by Harsanyi (1967) randomly determines the types of
players (for example, their preferences, private information or available strategies). The other players
observe their own characteristics, but not those of the others, making the game one

of imperfect information. This concept was another major advance for game theory, and later
Harsanyi (1968) influenced the development of the concept of Bayesian Equilibrium.

Aumann (1974) in another innovative study presented the concept of “Correlated Equilibrium” in
which he generalized Nash equilibrium by allowing players to coordinate their strategies by means
of a common, possibly correlated signal. In this context, a mediator suggests actions to the players,
and equilibrium occurs when no player has an incentive to deviate from the suggestion, given the
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adherence of the others. This formulation expands the scope of game theory, incorporating situations
in which shared information influences strategic decisions, resulting in outcomes that can be more
efficient than those achieved by the Nash equilibrium.

In this timeline, we also note that auction theory was also of great relevance to the development
of game theory. Milgrom and Weber (1982) provided the academic community with the development
of modern auction theory that can be applied to a wide variety of real- world situations. The authors
showed how different auction formats can affect the behavior of bidders and the final price of the
item.

Through this paper by Milgrom and Weber (1982), many others have emerged along similar
lines of research, such as Thaler (1988), who demonstrated that bidders in auctions often overestimate
the value of the item they are buying and as a consequence this can lead to significant losses for the
winners of the auction. Klemperer (1999), Booth et al. (2020) as well as Jia (2023) can provide more in-
depth information on this subfield of game theory.

As highlighted by Aumann (2024), the field of game theory is evolutionary rather than revolu-
tionary, which suggests a slow and constant process of development, with new ideas building on and
expanding previous ones. This study on Victoria corroborates his argument.

In addition to these, there have been many other contributions that have contributed greatly to
this field, however, in order not to escape the objective of this study, we can settle for just these ex-
amples. Due to its wide-ranging nature, according to Norozpour and Safaei (2020) the applications
of game theory are vast in our daily lives, from assisting in orthopedic surgeries, as can be seen in the
study by Brown et al. (2022), in project management by Narbaev et al. (2022), in electoral analysis by
Amuiji et al. (2024), in international relations by Sharifzadeh et al. (2022) and in deep learning appli-
cations with statistical mechanics by Bouchaffra et al. (2024), for example.

2.14. Main Dualities in Game Theory

In the field of Game Theory there are a number of dualities. In the following sub-topics, we will
look at some of these main concepts.

2.14.1. Cooperative Games and Non-Cooperative Games

2.14.1.1. Cooperative games

As Nash (1953) pointed out, the name “Cooperative Games” comes from the fact that two or
more players are able to discuss the situation and establish a plan together. Therefore, we can say that
“Cooperative Games” are those in which players can communicate, form coalitions and make binding
agreements in order to meet particular needs as well as achieve a common overall goal.

Cooperative Games, as pointed out by Osborne (2004), is a field of study in which we can better
understand how coalitions are formed, how people/institutions negotiate and allocate resources and
establish a strategy by common agreement. As such, it is highly relevant to studies in Political Science
and Social Science, ranging from negotiation practices between individuals and companies to inter-
national conflicts involving nations.

According to El-Nasr et al. (2010) the studies by Rocha et al. (2008) observed cooperative game
design patterns such as: complementarity; synergies between abilities; abilities that can only be used on an-
other player; shared goals; synergies between goals; and special rules.

Among the main examples of co-operative games are the classic ‘Prisoner’s Dilemma’ originated
according to Guerra-Pujol (2013) by the Canadian mathematician Tucker (1950) and

the “Battle of the Sexes’ originally addressed by Luce and Raiffa (1957), which is a game that mod-
els the coordination of activities between two players with different preferences, for example.

Game Theory is very broad and, as a result, allows us to identify countless sub-variations of
game types and even extensions of the main concepts briefly discussed here to specific scenarios. As
one of these variations of games, we have the so-called “Assurance Games”, also sometimes referred
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to as “Stag Hunt”, which show us that mutual cooperation is the best strategy for all the players in-
volved, as long as everyone believes that the others will also cooperate.

This scenario of interdependence in Assurance Games is crucial for players to cooperate in order
to meet their objectives. According to Mendoza (2018), it must be made clear that in this category,
there are no formal communication mechanisms (which may or may not occur between the players),
apart from the fact that there is real disagreement, i.e. one of the parties involved not fulfilling their
expectations in full. As a result, we can classify it also within the category of not completely cooper-
ative games.

In their study, Vale et al. (2019) analyzed the behavior of certain monkey species from the point
of view of cooperative games. This study investigates decision-making in Saimiri boliviensis using
economic games to assess their ability to cooperate, coordinate, and resolve conflicts. The research
contrasts their performance with that of Sapajus apella, a species known for cooperative tendencies.

The study involved three experimental games: the Assurance Game (AG), which evaluates coor-
dination; the Hawk-Dove Game (HDG), which requires anti-coordination; and the Prisoner’s Dilemma
(PDG), which introduces a trade-off between cooperation and defection.

Results indicate that some squirrel monkey pairs successfully reached the payoff-dominant Nash
Equilibrium in the AG, suggesting a capacity for coordination under specific conditions.

However, they struggled in the HDG and PDG, failing to establish consistent response patterns
or adapt to their partners' choices, in contrast to capuchin monkeys, who tend to perform better in
such games.

Figure 19 shows the payoff matrices for the three games analyzed:

a. Assurance Game b. Hawk-Dove Game c. Prisoner’s Dilemma
Stag Hare Hawk Dove Coop Defect
4 1 0 1 3 4
Stag Hawk : Coop
4 0 0 4 3 0
0 1 4 2 0 1
Hare Dove Defect
1 1 1 2 4 1

Figure 19. Payoff matrices for a) Assurance Game, b) Hawk-Dove Game, and c) Prisoner’s Dilemma Game by

Vale et al. (2019).

The findings suggest that Saimiri boliviensis may achieve coordination not through an under-
standing of interdependent decision-making but rather through associative learning of high- reward
choices. Additionally, sex-based differences emerged, with female pairs demonstrating greater suc-
cess in the AG, potentially reflecting species-specific social structures where females form stronger
affiliative bonds.

The inability of squirrel monkeys to flexibly adjust their strategies in HDG and PDG highlights
limitations in their cooperative decision-making. These results contribute to comparative cognition
research by showing that species not known for cooperation may still coordinate under certain con-
ditions, but their ability to engage in complex strategic interactions remains constrained. Further stud-
ies, particularly those involving computerized tasks, may help elucidate whether the observed be-
haviors are due to cognitive limitations or methodological constraints.

In this field of study, there have been several other studies in the literature delving into different
perspectives, demonstrating the concern of some authors to identify patterns of behavior in coopera-
tive games. One of these studies was carried out by El-Nasr et al. (2010), who analyzed recurring
patterns among 60 participants in various games with this proposal of collaboration between
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members. As a result, it was possible to delve deeper into cooperative behaviors and measure them
using a new metric called Cooperative Performance Metrics (CPMs).

From a business perspective, McCain (2008) aimed to fill a gap between the theory of cooperative
games and the study of cooperative organizations, arguing that the theory can offer valuable tools for
understanding and improving the functioning of cooperative organizations, especially by under-
standing and considering the importance of reciprocity.

The study by Churkin et al. (2021) analyzes how the power systems market and the concept of
cooperative games can be implemented in cities in order to share costs and benefits between different
agents such as energy companies, governments and consumers in order to guarantee an efficient and
sustainable allocation of resources. An analysis from this perspective within game theory is essential
as cities grow and the demand for energy increases, requiring coordinated investments and cooper-
ation strategies between the various stakeholders involved in the sector.

2.14.1.2. Non-Cooperative Games

On the other hand, we have the so-called “Non-Cooperative Games” which, as Fujiwara- Greve
(2015) argues, are characterized by the absence of any collaboration between people/institutions, as
well as each of them making decisions independently without knowing the strategies of the other
participants. We can conclude that, unlike cooperative games, there are no relationships of agree-
ment, contracts or trust on the part of the members of this type of game.

As presented by Ritzberger (2002), some examples of this type of game include:

e Prisoner’s Dilemma: a classic example illustrating the tension between individual and collective
rationality. Two suspects are arrested and interrogated separately. The best individual strategy
is to betray the other, even if cooperation would result in a lower sentence for both.

e Auctions: participants compete individually to acquire a good or service, without prior coordina-
tion. Each participant seeks to maximize their gain, i.e. obtain the good at the lowest possible
cost.

e Oligopoly: Companies in an oligopolistic market make decisions about production and prices
independently, taking into account the actions of their competitors, but without a formal coop-
eration agreement.

e Chicken Game: Two drivers drive towards each other. Whoever swerves first is considered the
“loser”. Each player's decision is influenced by the expectation of the other's action, without prior
communication.

These examples demonstrate how non-cooperative game theory provides conceptual tools for
analyzing and predicting outcomes in situations where individual strategic interaction is paramount.

2.14.2. Symmetrical Games vs Asymmetrical Games

As highlighted by Cheng et al. (2004) in game theory, a game is classified as symmetrical if the
players' payoffs depend exclusively on the strategies adopted and not on their identities. In other
words, one player's payoff function can be obtained from another player's payoff function by simply
exchanging roles. In a symmetrical game, if two players swapped strategies, the resulting payoffs
would remain unchanged. A classic example of this category is the Prisoner’s Dilemma, in which both
participants face the same strategic options and obtain identical rewards under the same conditions.

On the other hand, a game is considered asymmetrical when at least one of the players has a
different payoff function or a different set of strategies from the other participants. In this configura-
tion, the exchange of roles between players can alter the payoffs and the strategic structure of the
game. A paradigmatic example of an asymmetric game is the Hawk and Dove game, in which the play-
ers represent different types of agents with different incentives, leading to different strategies and
equilibria. Murphy (1991) analyzed the limits between symmetry and asymmetry of “position” and
information between communicator and audience within the field of public relations.


https://doi.org/10.20944/preprints202504.1788.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 April 2025 d0i:10.20944/preprints202504.1788.v1

55 of 129

2.14.3. Perfect Information Games vs Imperfect Information Games

In game theory, the distinction between games of perfect information and games of imperfect
information is fundamental for modeling and analyzing strategic decisions, from a simple betting
ticket to public relations in companies and diplomaticissues. This classification is based on the degree
of knowledge that players have about the actions taken by others throughout the game.

A game of perfect information is characterized by the fact that all players have complete
knowledge of the history of decisions made up to the moment of their move. This implies that, at any
point in the game, each player knows exactly what actions have been chosen by all the participants
in the previous stages. As a result, there is no strategic uncertainty about the state of the game at the
moment of decision making. Classic examples include games such as chess and tic-tac-toe, in which
all the moves are observable by both players and there are no hidden elements or unknown random-
ness in the course of the game.

On the other hand, a game of imperfect information occurs when at least one of the players does
not have complete access to the decision history of the other participants. This can happen, for exam-
ple, when some actions are taken privately or when there are elements of the game that are not di-
rectly observable by all the players. This type of structure generates strategic uncertainty and can lead
to the development of strategies based on expectations and beliefs about the actions of opponents. We
can say that poker is a classic example of a game of imperfect information, since players don't know
their opponents' cards and must make decisions based on partial information and strategic inferences
as we have seen from Thorp (1966). For further information on this concept, we recommend visiting
the works by Kreps and Wilson (1982) and Galliani (2012).

2.14.4. Symmetric Information

In symmetric information games, the information structure is characterized by the equivalence of
knowledge between the players, where each participant has access to the same set of relevant infor-
mation for making strategic decisions. As well explored by Hillier (1997), this informational sym-
metry implies that there are no information asymmetries that can confer competitive advantages on
specific players, resulting in an environment of strategic interaction where decisions are based on a
common set of knowledge.

The analysis of symmetric information games can be fundamental to understanding scenarios
where transparency and equal access to information are crucial elements, such as in ideal competitive
markets or in social interactions modeled on norms of fairness. Examples of games that employ the
use of symmetric information include board games such as checkers and chess, soccer, horse races
and, auctions, for example, in the sense that all participants have access to the same rules of the game.

2.14.5. Asymmetric Information

In game theory, asymmetric information emerges when players do not have the same set of rele-
vant information for decision-making. This informational disparity can generate power imbalances
and significantly influence the strategies and outcomes of games. Akerlof (1970), in his seminal study
“The Market for ‘Lemons’: Quality Uncertainty and the Market Mechanism” vividly illustrates the conse-
quences of asymmetric information in markets, while Greenwald and Stiglitz (1990) explore its impli-
cations for the theory of the firm.

Akerlof (1970) demonstrates how asymmetric information can lead to the collapse of markets,
especially those characterized by uncertainty about the quality of the goods traded. In the used car
market, for example, sellers have more information about the actual condition of vehicles than buy-
ers.

This informational asymmetry creates a problem of adverse selection: sellers of low- quality cars
called lemons are more likely to offer their vehicles on the market, while sellers of high-quality cars
may be reluctant to do so, fearing that buyers won't be willing to pay the right price. Consequently,
the market becomes dominated by “lemons”, crowding out good quality cars and, in extreme cases,
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leading to their disappearance. Akerlof formalizes this dynamic by showing how the demand curve
can collapse due to uncertainty, resulting in an inefficient market.

Greenwald and Stiglitz (1990) expand the analysis of asymmetric information to the context of
the theory of the firm. They argue that informational asymmetry between managers and investors
can lead to financial constraints and affect the risk-taking behavior of firms. When investors do not
have complete information about a company's prospects, they may demand a higher risk premium
to provide capital. This additional risk premium can limit companies' access to financing, especially
for riskier investment projects, even if these projects have a high return potential.

Information asymmetry can also influence the behavior of managers, who can be more risk-
averse than shareholders, leading to sub-optimal investment decisions. Greenwald and Stiglitz (1990)
highlight how asymmetric information can generate a variety of problems, including the inappropri-
ate choice of projects, excessive risk aversion and the difficulty of monitoring managers' performance.

In short, both Akerlof (1970) and Greenwald and Stiglitz (1990) demonstrate that asymmetric
information is a crucial factor in game theory and economic analysis. Information disparity between
players can lead to inefficient results, such as the collapse of markets and sub- optimal investment
decisions.

Beranek and Buscher (2024) examined and concluded that the impact of asymmetric information
in the closed-loop supply chain is complex and can be influenced by factors such as the actual return
rate and the power dynamics within the chain. The research also found that the retailer can compen-
sate for the information disadvantage in most cases due to its position as Stackelberg's leader. In
addition, the authors highlighted the importance of a deliberate search for cooperation between the
players in order to deliver better results, both economically and ecologically.

In the context of sports betting, asymmetric information is a central element in the dynamic be-
tween bettors and sportsbooks. Information disparity manifests itself in several dimensions, from
privileged access to data and analysis to the ability to interpret and react to market fluctuations. While
sportsbooks enjoy a vast array of information and analytical tools to determine odds and manage
risk, individual bettors may rely on less reliable sources or outdated information. This asymmetry of
information can lead to sub-optimal betting decisions and an inadequate assessment of the risks in-
volved by bettors.

The complexity of asymmetric information in sports betting is also exacerbated by the influence
of market behavior. The actions of other bettors, in turn, can generate implicit information about the
sporting event in question, influencing odds and betting lines.

Sportsbooks, aware of these dynamics, can adjust their offers to maximize their profits, exploiting
the informational asymmetry between market participants.

Despite the great similarity between imperfect information and asymmetric information, we can
say that imperfect information refers more to the lack of sufficient information available for “rational”
decision-making, and asymmetric information refers more to the quantitative aspect, i.e. how much
more information one player has than the other.

2.14.6. Repeated Games

As presented by Mertens (1990) and corroborated by Slantchev (2004) a repeated game occurs
when the same game or a similar strategic structure is repeated over time, allowing players to learn
and adjust their decisions based on previous experiences.

According to Sorin (2023) in this type of game, Aumann and Shapley's "Long-Term Competition —
a game-theoretic analysis" (1994) utilizes repeated game theory to analyze sustained competitive inter-
actions, notably in international relations, highlighting how the dynamic nature of these interactions
enables strategies based on past behaviors and future expectations, including punishment and re-
ward. Exploring both cooperative and noncooperative solution concepts, the paper emphasizes the
Folk Theorem's significance in explaining the potential for diverse equilibria, including cooperative
outcomes, in long-term settings, providing a framework for understanding strategic choices in con-
texts like arms races and negotiations by focusing on the temporal dimension of strategic interactions.
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In sports betting, an example of repeated game can be observed in professional bettors who
continuously participate in the betting market over several sports seasons. In this case, players can
modify their strategies according to the previous performance of teams, the effectiveness of statistical
models and even observation of the behavior of the betting market. In addition, the repetition of the
game allows for the development of dynamic strategies, such as bankroll management and adapting
to changes in the odds offered by sportsbooks. The study by Aumann et al. (1995), when considering
an analysis of repeated games with imperfect information, provides us with rich content as a com-
plement to this topic.

2.14.7. Positive Sum Games and Negative Sum Games

According to Klein (1991) and also corroborated by Brouwer (2016) a positive-sum game is char-
acterized when the end result benefits all parties involved, that is, this scenario contrasts with the
zero-sum paradigm, where one player's gain necessarily implies another's loss.

Cooperation and the creation of shared value are central characteristics of this type of game.

As Klein (1991) also points out, strategies that foster collaboration, innovation and the expansion
of resources are crucial to achieving mutually advantageous results. The theory of positive-sum
games, as we can see from Brouwer (2016) on Schumpeter's positive-sum game approach, has appli-
cations in various areas, such as economics, international relations and business management, where
the search for “win-win” solutions can be fundamental to a company's growth and survival in the
open market.

On the other hand, a negative-sum game is one in which the total sum of gains and losses across
all players is less than zero. This implies that, by the end of the game, the overall pool of resources or
benefits has diminished, leading to a scenario where all participants, in aggregate, experience a net
loss. Usually, in these contexts, irrationality, lack of communication and the search for short-term
advantages can lead to negative net results. Some examples of this category of games include armed
conflicts, price wars and environmental crises, for example, in which we can see scenarios where the
destruction of value outweighs individual gains. Through Warren's paper (2020) we can see a real
example of a game that has been characterized as negative-sum in the financial market.

2.14.8. Zero-Sum Games

Let N be a finite set of players, with N={1, 2,..., n}. Each player /€N has a set of strategies Si, where
the strategy space of the game is given by the Cartesian product 5= Six S2x-++x Su.

We define a payoff function ui : S — Rfor each player i, which associates a real value with the
strategy profile s = (s, s2,..., sn) € S.

The game is called a zero-sum game if, for every strategy profile s€ S, the sum of all players'
payoffs is zero, i.e:

Zuz(s) =0, VseS.
€N
In the particular case of a two-player zero-sum game, where N ={1,2}, the payoffs are related by
ui1(s) + u2(s) = 0, implying that any gain by one player corresponds to an identical loss by the other.
Below we see the concept of minimax:

max min u;(81, $2) = min maxu; (s, $2).
51E85] 5268, 8,€855 518,

This result, known as von Neumann's Minimax Theorem (1928), states that, for two- player zero-
sum games with finite strategy spaces, there is always an equilibrium in mixed strategies where both
players minimize their maximum possible losses.

2.14.9. The Nash Equilibrium
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The Nash Equilibrium is a fundamental concept in game theory, introduced by John Nash (1950),
which describes a state in which no player can unilaterally improve their outcome by changing their
strategy, as long as the other players keep their choices unchanged.

Let a strategic game be defined by a tuple (N, S, u), where:

N={1,2, .., n} is the finite set of players;

Siis the set of strategies of player ;

§=51x 52 x ---x Sy is the game's strategy space;

ui: S — Ris the utility function of player i, associating a real payoff with each strategy profile s =
(s1, s2, ..., Sn).

A strategy profile:

s* = (s],82,...,8,) €S
is a Nash Equilibrium if, for every player i€ N and for every alternative strategy si€ Si:
ui(s;,s;) > ui(si, s™;).
where s*; represents the vector of strategies of the other players, fixed at s', except for player i.

As we can see, according to Griffin (2012) a Nash equilibrium occurs when no player can improve
their payoff by unilaterally changing their strategy, assuming that the other players keep their strat-
egies unchanged.

2.14.10. Nash Equilibrium in Mixed Strategies

If we allow players to choose strategies probabilistically, the concept can be extended to mixed
strategies. Let A(Si)) be the set of probability distributions over Si. A mixed strategy profile
0" =(01,0%-..,03) is a Nash Equilibrium in Mixed Strategies if, for every player i€ N and for
every alternative mixed strategy i€ A(Si):

Elui(o7,0%;)] 2 Elui(oi, 07,)].

According to Bortolossi et al. (2017) this means that every finite game in which players can adopt
mixed strategies has at least one Nash equilibrium. This result guarantees the existence of a point of
stability in finite strategy games, in which no player has an incentive to deviate unilaterally, given
that the others maintain their strategies.

2.14.11. Bayesian Equilibrium

Bayesian inference is a statistical method that updates the probability of a hypothesis as more
evidence or information becomes available. In this method, Bayes' theorem is used to combine previ-
ous beliefs (a priori probabilities) with new evidence (data) to obtain updated beliefs (a posteriori proba-
bilities). For a more in-depth look at this statistical topic, we recommend reading Smith (1984) in
which the main points about Bayesian statistics are reviewed and discussed.

Myerson (1983) argues that a Bayesian equilibrium, sometimes also referred to in the literature
as a Bayes-Nash equilibrium, developed by Harsanyi (1967) is a central concept in game theory, par-
ticularly when considering games with incomplete information. In a Bayes game, the players do not
have complete information about the other players, but they do have beliefs - subjective probabilities
- about the types of the other players. Bayesian equilibrium generalizes the concept of Nash equilib-
rium to games with incomplete information.

Let a game be G=(N, A, u, u), where:

N={1,2,..., n}is the set of players.

A=Arx A2 x ---x An is the set of possible actions, where Ai is the set of actions available to player
iEN

ui: A— R is the utility function of player i, where ui(a) is the utility of player i when choosing
action a€ A


https://doi.org/10.20944/preprints202504.1788.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 April 2025 d0i:10.20944/preprints202504.1788.v1

59 of 129

i is the information or type of player i, represented by a random variable with probability dis-
tribution 7t;, which describes the player's uncertainty about the types of the other players.

We also denote the set of beliefs of player i about the types of the other players jEN\{i} by 7,
which is a probability distribution.

The Bayesian equilibrium is a vector of strategies ¢ = (01, 02, ..., on), where oi : pi— Ai is the
strategy of player i and 0. is the set of strategies of the other players. The equilibrium condition is
that, for each player i, the strategy oi is rational given his belief i about the type of the other players
j€ N\{i}. For each player i and type pi€ 7, the strategy oi(u:) should maximize the expected utility of
player i, given the beliefs 77 and the strategies of the other players o, i.e:

oi(pi) = arg max E;_[u;(a;,a_;)]
a;€A;
where,
Ez . [ui(ai,a ;)| is the expected utility for player i when choosing action ai, given that the
other players choose their actions a- according to strategies o-;, and that the probability distribution
riireflects player i’s beliefs about the types of the other players.

2.14.12. Dominant and Dominated Strategies

In game theory, according to Samuelson (1992) a dominant strategy is a course of action that
yields the highest payoff for a player, regardless of the strategies chosen by other players.

When a player has a dominant strategy, it simplifies decision-making, as the optimal choice re-
mains consistent across all possible scenarios. The presence of dominant strategies can lead to a
unique outcome known as a dominant strategy equilibrium, where all players select their respective
dominant strategies. This concept is fundamental in analyzing strategic interactions, as it identifies
situations where rational players will inevitably converge on a particular set of actions.

Conversely, a dominated strategy is one that consistently provides a lower payoff compared to
another available strategy, irrespective of the other players' choices. As Hofbauer and Weibull (1996)
pointed out, rational players will always avoid dominated strategies, as they represent suboptimal
decisions. The process of eliminating dominated strategies can simplify complex games by reducing
the number of possible outcomes. In some cases, repeated elimination of dominated strategies can
lead to a unique solution, known as the iterated dominance equilibrium. This method is particularly
useful in games where players possess complete information and act rationally, allowing for the pre-
diction of outcomes based on logical deduction.

2.14.13. Sports Betting and Game Theory

We can see that sports betting is part of some important categories within game theory, such as
repeated games, games of imperfect information, zero-sum and “near-zero-game”, for example.

There are many debates and a not very clear consensus on the nature of sports betting, which is
due to the analysis of this market from different angles. In their study, Levitt (2004) and Vizard (2023)
classified sports betting as a zero-sum game because, just as in the financial market, there are two
traders operating on each side and the profit of one consists of the loss of the other. Furthermore, in
this market, there is no generation of value, so money only moves between the players with an inter-
mediary (sportsbooks).

It is known that there are two categories in this sports betting market: the first consists of the
bettor challenging the “House” and the odds offered by the sportsbooks, and the second category -
commonly known as exchange - the bettors challenge each other. In principle, if we consider that the
bettors model the market according to their convictions and the strategies they deem optimal, the
game would be considered zero-sum. The problem is that according to the business model, sports-
books, regardless of the category, whether traditionally or through the exchange, set a profit rate
called vigorish. Therefore, regardless of the outcome, Sportbooks will always have a guaranteed in-
come.
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We can say that the exchange modality is a closer version of the zero-sum game in which we can
classify this market as an almost zero-sum game and even a negative-sum game for the bettor in the
long term due to the presence of vigorish.

3. While My Dice Gently Weeps

3.1. Victoria

Just as the Tupi Guarani language, Fort Orange from the Island of Itamaraca, a municipality in
the state of Pernambuco, Brazil, inspired the name of the Itamaraca PRNG algorithm, Victoria also
had its moments.

The Victoria methodology is named after the city of Victoria in British Columbia, Canada. This
city is known for its appreciation of the natural world, as well as its artistic and technological atmos-
phere. It is named after Queen Victoria of the United Kingdom, who left a strong legacy and commit-
ment to the development of science, marking, for example, a golden age for Statistics through various
discoveries that today shape the world around us.

Furthermore, when we're in a game, it is natural to want the ultimate goal, which is victory. So
itis a reflection that the player, mathematically and statistically, will always have the advantage over
the house in the medium and long run, regardless of any positive or negative results that occur along
the way.

As we can see from Figure 20, we can find different configurations and different results. We can
say a configuration belongs to 94%, for example, if over the course of 100 FVs (Future Values) it has
a maximum of 6 FVs with a result that is usually modestly negative over the long term. Therefore,
the other 94 FV s contain positive results, indicating profitability in all of them.

X <79%

Figure 20. Configurations of ¢, j and k separated by different categories.

It is known that in each standard Future Value (FV) approximately 10,000 games are theoreti-
cally expected. However, in practice, the actual amount of games will probably vary between 4,800
and 7,000 games depending on the settings chosen for a bettor to fulfill a complete FV containing all
of his expected 100 Intermediate Blocks (IBs) and Small Blocks (jx).

Itis clear to see that the closer to 100% a given configuration is, the less games and, consequently,
time the bettor will have to play in order to mathematically eliminate any risks inherent in random
noise, meaning that the most desirable thing is to identify a configuration that, if not 100%, is always
statistically close to 100%.

Considering that today we have made significant progress in robotization models through ma-
chine learning and data mining, configurations that statistically offer us at least 94% positive FVs still
seem viable for possible practical projects of this theorizing. In fact, other configurations such as those
that converge to at least the 80% and 85% category, for example, could also present interesting
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costs/benefits, provided that the bettor is willing to take on more risk. All of these definitions will be
discussed in more detail throughout this study.

Victoria is based partly on the premise that advanced statistics and part of “tamed” randomness
can offer sustained strategic advantage, even in games considered to be zero-sum. Fisher (1955) dis-
cusses the role of statistics in rational decision-making and how the correct use of inference can in-
crease the probability of success in random systems.

In addition, the Victoria inspired by Stirling numbers in duplicate data analysis, anchored in the
foundations of convergence in probability, also has interesting interconnections with the basic prem-
ises of Renewal Theory, specifically through the paper of Cox (1962). This theory is an extension of
stochastic processes that studies times between successive events in random systems, especially in
contexts such as:

e  queues and arrivals of customers in waiting processes
e failure and maintenance of engineering systems
e  evolution of patterns over time in Markov chains.

The central idea of renewal theory is that there are statistical patterns in the times between
events, allowing partial predictability in systems that, at first glance, may seem purely random, sug-
gesting to us that structurable patterns can emerge from these chaotic processes.

Hubbell (2001) presented “The Unified Neutral Theory of Biodiversity and Biogeography” in which
the author sought to explain patterns of biodiversity and biogeography based on principles of neutral-
ity between species, where all species are considered ecologically equivalent (random) in their chances
of birth, death, dispersal and speciation, for example.

Despite their randomness, it is noticeable that on a large scale, patterns can emerge due to cumu-
lative interactions. In this sense, while analyzing complex biological and ecological systems, it also
leads us down similar paths proposed by Cox (1962) as well as in the theorizing behind Victoria and
the Victoria-Nash Asymmetric Equilibrium (VNAE).

Below is Victoria's general formulation:

jn=[(So0 @ *~So) Bi] —SoCi

FV, :gﬁi -~ ;jc;-

where,

¢ =odd / probability of success of the event k = Time Period

So = Initial Value (fixed value used for each independent event)

[3 = "Success" blocks. That is, the cost/benefit ratio compared to the investment in each stake in
each n game is positive and there is some profit.

C ="Failure" blocks. That is, the cost/benefit ratio compared to the investment in each stake iin
each n game is negative and there is some loss.

We can say that the Victoria algorithm is based on the perspective of “blocks” and/or “hierarchy”
for the sake of clarity. Below are some fundamental definitions:

p : probability, odd

So: initial value, stake

m : Number of Small Blocks (jn) in an Intermediate Block (IB)

k : number of k independent events

IB : Intermediate Block

Bi :number of successful Small Blocks in an IB. Ci: number of Small Blocks of failure (Ci = m - i)
wg: gain associated with a successful Small Block

Ic : loss associated with a small block of failure (C).

Within an Intermediate Block (IB) the final result of gain or loss will depend on the number of
successful () or unsuccessful (C) blocks.

Total gain from successful Small Blocks () can be represented by:

Wp=p -wp
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Total loss from Small Blocks of failure (C) can be represented by:
L= C ‘le= (m-B) L
Next, we'll look at the net result of any given Intermediate Block (IB):
Ris=Ws—Lc

Ris=(8 1wp) - [(m - B) -Ic]

Ri=p {(wp+lc)-m I
Since in this scenario we are dealing with a binary option, i.e. at the end of an n sequence with k
random events whose outcome will define whether a block will be considered a success (returning
some profit) or a failure (returning a negative value), we can consider that they follow a binomial
distribution:
B ~Binomial (n=m, p =P(B))
C ~Binomial (n =m, p = P(C))
We can define the expected value of the result in an IB:
E[g] = m - P(B)
E[Rrp] = E(B) - (wg +1) —m -
E[RIB] =1m - P(ﬁ) $ (I.UJB + l() —m - lc
The general formula for the variance of the result of an Intermediate Block (IB) is:
Var(Rip) =m-p- (1-p)- (wg+1)*
Below, we'll see that the Future Value (FV) consists of the sum of all the results of the Small Blocks
of Success (B) or Failure (C) present within each Intermediate Block (IB):

FV, = ;jﬁi - gg—

Next, we can see the expected value and the general formula that shows the difference between
the total sum of gains and losses over a Future Value (FV):

E[Rpy] =n -m - [P(f) - (wp + 1) — 1]
va— ’wﬁ-l—lg Z,@ﬁ—’n m - l(

3.1.1. Design of an Intermediate Block (IB)

Table 7 shows the standard design of an Intermediate Block (IB):

Table 7. Design of an Intermediate Block (IB).

jt j2 3 Jn
k1 k1 k1 k1
k2 k2 ko2 k2
k3 k3 k3 k3
kn kn kn kn

The product of jn and kn must be equal to or something close to 100. Knowing this information,
we can say there will be several n possible combinations of jk. However, it should be clear after this
first choice of j, and k there will also be the parameter ¢ considered “optimal”. This is what we'll see
in the next topic.
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Assuming that, with ¢ = 1.60 as a reference, we choose the following parameters j =16 and k =
6, we will have the following Intermediate Block (IB):

Table 8. Example configuration with j =16 and k =6.

ji 72 s jit 75 jo jr js jo  j10 j11  j12  j13  j14 j15  j16
ki k1 ki ki k1 ki ki k1 ki k1 k1 k1 k1 k1 k1 ki1
k2 k2 k2 k2 k2 k2 k2 k2 k2 k2 k2 k2 k2 k2 k2 k2
k3 k3 k3 k3 k3 k3 k3 k3 k3 k3 k3 k3 k3 k3 k3 k3
ki ki k4 k4 k4 k4 kK4 k4 k4 ki ki k4 k4 kK k4 k4
k5 k5 k5 k5 k5 k5 k5 k5 k5 k5 k5 k5 k5 k5 k5 k5
k6 ke k6 k6 ke ke k6 ke k6 ke k6 k6 k6 ke ke ke

Asyou can see from then on there will be 100 Intermediate Blocks (IB), each of which will contain
16 Small Blocks (J), each containing 6 independent events with a probability of success of 62.5%,
giving a total of 96 independent events with equal probability p(x) of running.

Let's take the following data as an example:

¢ (Odd)=1.60

k=6

j=16

jk =96

IBn=[(So @ *~So) B] —SoC
IB1=[10%*1.606-10) 2] - 10 * 14
IB1=175.54

We got $ 175.54 as a result. In this sense, we can say we have a positive value, with two small
blocks of success and 14 small blocks of failure.

In another scenario, as the Monte Carlo simulation has shown to be promising, we can use the
following parameters as a reference: ¢ =1.04; j =3 and k = 33. We will then have the following table.

Table 9. Example configuration with j=3 and k = 33.

k1 k1 k1
k2 k2 k2
k3 k3 k3
k4 k4 k4
k5 k5 ks
k6 k6 k6
k7 k7 k7
ks ks ks
k9 k9 k9
k10 k10 k10
k11 k11 k11
k12 k12 k12
k13 k13 k13
k14 k14 k14
k15 k15 k15
k16 k16 k16
k17 k17 k17
k18 k18 k18
k19 k19 k19
k20 k20 k20

k21 k21 k21
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k22 k22 k22
k23 k23 k23
k24 k24 k24
k25 k25 k25
ko6 k26 k26
k27 k27 k27
k2s k28 k28
k29 k29 k29
k30 k30 k30
k31 k31 k31
k32 k32 k32
k33 k33 k33

It can be seen, from then on, we will have 100 Intermediate Blocks (IB), each containing 3 Small
Blocks (j) with each containing 33 independent events (k) with a probability of success of 96.15%,
giving a total of 99 independent events with equal probability p(x) of occurring.

3.1.2. Analysis of the Parameters ¢, j, k and the Profit vs. Loss Curve

We can say that the parameter ¢ corresponds to the value of the odds offered by sportsbooks
through an expected probability analysis for each independent event k. Therefore, the parameter k is
nothing more than the number of n independent events in which the user will repeat using the same
odds ¢ multiplied by the stakes accumulated over time, just as in the general formula for compound
interest in the field of financial mathematics.

Through this theorizing, we can expect a great deal of sensitivity regarding the choice of varia-
tion in the profit curve as a function of the other variables such as stake, odds containing the proba-
bility of success as well as the design of the intermediate blocks through the choice of j and k.

3.1.3. Choosing the Parameters ¢, j and k Considered “optimal”

The choice of the parameters ¢, j and k considered optimal should be made using trial and error
through monte carlo simulation. One way of saying that these parameters have been validated is if
the final results from the sum of all the Small Blocks (jn) and Intermediate Blocks (IB), with their cost-
benefit ratio compared to all the investment made during the process, show positive final results, i.e.
indicating a guaranteed profit for the player regardless of what happens during the sequence.

There are countless possible combinations, even unknown to the author himself at the time
of writing this article.

Below are some values of ¢, k and j which could be promising for being in the 90%, 95% or even
100% category, regardless of the scenario with n independent event sequences tending to infinity.

Table 10. Some potential configurations for good long-term results.

P k ]
1.02 25 4
1.02 33 3
1.02 50 2
1.03 33 3
1.03 50 2
1.03 100 1
1.04 33 3
1.04 50 2
1.06 33 3
1.07 20 5
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1.07 25 4
1.08 25 4
1.10 12 8
1.11 16 6
1.11 20 5
1.12 16 6
1.14 14 7
1.16 12 8
14 7 14
1.6 6 16
1.8 5 20
2 4 25
3 4 25
4 3 33

3.2. Simulating the Application of the Victoria Formula in Different Expected Scenarios

For practical demonstration purposes, let's consider the following configurations:

@ =1.03
k=33

j=3

jk =99 ~ 100.

We can see that with ¢ =1.03, we can expect each k independent event to have a 97.09% proba-
bility of success. We can also see there will be 33 independent events and 3 small blocks jn totaling a
maximum of 99 independent events expected to occur in each Intermediate Block (Ibn).

In order to analyze whether certain configurations are promising or not in terms of the player
always having an advantage over the sportsbooks in sports betting, we can simply apply the monte
carlo simulation technique and continuously analyze sequences of random numbers.

In this example, we used the Random.org platform - a source that generates true random num-
bers - to generate a sequence of numbers ranging from 1 to 1,000 with a uniform distribution.

As we can see from Table 11, the player would have bet $10 on each Small Block and had a neg-
ative result, a loss, of -$30 on this particular hypothetical Intermediate Block, since the player would
have had failures at k = 25 on Small Block j1, k =7 on Small Block j2 and k=11 on Small Block js since x
<29, which classifies these numbers within the range of probabilities expected for the player to lose
the bet.

Table 11. Parameters ¢ = 1.03, j = 3, k = 33.Example with 0 Success Blocks (f3) and 3 Failure Blocks (C). Random
numbers between 1 and 1000 generated by Random.Org. jn =[(So ¢ ¥~ So) ] —So Gj1=[10*1.033-10) 0] -
10*3ji1=-$ 30.

k 1 2 &

1 646 138 441
2 731 915 423
3 245 895 754
4 489 875 566
5 852 741 41

6 371 528 811
7 972 12 694
8 275 421 437
9 108 72 102
10 711 531 898
11 376 928 28
12 332 677 324
13 589 893 824
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14 699 910 474
15 209 826 768
16 660 479 981
17 243 804 421
18 240 13 990
19 622 498 286
20 466 398 870
21 628 839 481
22 321 767 3

23 344 217 853
24 646 717 940
25 23 67 736
26 994 543 115
27 740 43 516
28 624 151 733
29 914 665 491
30 330 600 894
31 344 939 725
32 22 219 281
33 723 69 814

As we can see from Table 12, the player would have bet $10 on each Small Block and would have
had a negative result, a loss, of - $3.48 on this particular hypothetical Intermediate Block, since the
player would have had failures at k = 12 on Small Block ji, and, k = 2 on Small Block js since x <29
which classifies these numbers within the range of probabilities expected for the player to lose the bet
and consider it a small block of failure. According to the same table, we had one small block of success
(B) and 2 small blocks of failure (C).

Table 12. Parameters ¢ = 1.03, j = 3, k = 33.Example with 1 Success Block (f3) and 2 Failure Blocks (C). Random
numbers between 1 and 1000 generated by Random.org. IBn=[(So ¢ *~So) f] —So ;IB1=[10*1.03%-10)1]-10

*21IB1=-9%3.48.

k 1 2 j3

1 724 598 449
2 432 572 17
3 630 216 190
4 511 697 617
5 154 375 187
6 774 828 907
7 272 548 813
8 757 466 646
9 984 39 408
10 990 507 627
11 248 651 965
12 23 566 934
13 247 406 855
14 75 643 585
15 685 151 630
16 720 363 993
17 686 416 883
18 433 742 528
19 986 133 826
20 445 592 8
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21 605 163 91

22 255 332 686
23 874 818 969
24 843 878 505
25 286 811 905
26 794 198 294
27 611 947 840
28 496 252 255
29 855 878 610
30 981 487 773
31 472 511 847
32 581 633 501
33 138 968 921

Table 13. Parameters ¢ = 1.03, j = 3, k = 33. Example with 2 Success Blocks () and 1 Failure Block (C). Random
numbers between 1 and 1000 generated by Random.org; IBn =[(So ¢ *~ So) 3] —So ;IB1=[10*1.03%-10)2]-10

*11B1=$ 23.05.

k 1 2 3

1 16 604 956
2 279 718 517
3 52 283 291
4 797 746 265
5 915 613 226
6 310 651 903
7 224 699 716
8 541 987 905
9 382 40 243
10 347 458 286
11 339 957 744
12 187 248 33
13 380 731 806
14 642 485 489
15 432 396 66
16 886 929 548
17 420 158 141
18 885 395 488
19 747 282 164
20 207 661 643
21 680 662 573
22 314 931 794
23 451 780 943
24 914 587 908
25 833 235 394
26 608 321 942
27 909 637 548
28 957 181 885
29 95 217 918
30 713 693 690
31 310 158 68
32 759 60 562
33 925 689 624
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Above, we can see that within the hypothetical Intermediate Block (IB) in Small Blocks (jn) we
had 2 Success Blocks (g), i.e. we had all 33 winning events consecutively. On the other hand, we had
what amounts to 1 Failure Block((), i.e. in the course of these 33 consecutive events scheduled to
occur at some point (k = 1; j1). As a result, we had an Intermediate Block with a positive result of
$23.05.

As we can see from Table 14, the player would have bet $10 on each Small Block and had a very
positive result of $49.57 on this particular hypothetical Intermediate Block, since the player would
not have had any Small Block failures, i.e. with any event containing any values x < 29.

Table 14. Parameters ¢ = 1.03, j = 3, k = 33.Example with 3 Success Blocks (f3) and 0 Failure Blocks (C). Random
numbers between 1 and 1000 generated by Random.Org. IBa=[(So ¢ ¥~ So) f] —So G;IB1=[10*1.033-10) 3]-10
*01IB1=$49.57.

k 1 J2 j3
1 535 976 902
2 728 653 275
3 628 836 632
4 883 683 538
5 76 521 939
6 74 853 222
7 420 762 656
8 807 385 905
9 60 732 692
10 241 527 177
11 396 841 494
12 337 604 914
13 621 169 202
14 35 40 785
15 86 213 961
16 113 996 251
17 829 800 68
18 755 797 30
19 289 519 543
20 317 432 570
21 283 25 314
22 366 166 745
23 168 911 646
24 511 650 90
25 642 548 313
26 651 638 931
27 273 736 978
28 919 296 508
29 378 360 425
30 238 545 402
31 966 816 599
32 199 551 882
33 326 560 507

3.3. The Theater of Dreams

Alice and Bob go together to a theater in their city to have some fun. It is known that there are 5
theatrical plays that show how to beat the house using statistics and randomness. Enthusiastic, they
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are both eager to see not just one but all the performances, no matter if they will stay inside for hours.
Below is a list of all the plays that Alice and Bob will be seeing at the Theater of Dreams:

e  Play I: Beating the house x% of the time and mathematically overcoming any possible losses
along the way

e  Play II: Beating the house x% of the time using some margin of advantage for the player and
mathematically overcoming any possible losses along the way.

e Play III: Beating the house x% of the time"

e Play IV: Beating the house x% of the time using some margin of advantage for the player

e Play V “Beacon Hill Park”: Beating the house 100% of the FVs using the Victoria formula (without
considering any advantages for the bettor, just that the odds are “fair”) by identifying ideal pa-
rameters that always converge to 100%. This is the “singularity point”, an open question in this
research.

3.3.1. Play I: Beating the House x% of the Time and Mathematically Overcoming Any Possible
Losses Along the Way

The couple realized during this first presentation that the Victoria formula has “almost mathe-
matically perfect” possibilities for gains as there are configurations of ¢, j, and k that allow statistical
convergence to be greater than or equal to x% close to 100% positive FVs, such as 92%, 94%, and 97%.

In this play, it is presented on stage by the actors that even if it is not always 100% positive, if
the category of the configuration is relatively close to this value, we can simply use positive mathe-
matical expectation as well as a time period t and convergence in probabilities to our advantage.

If we consider, for example, that a given configuration of ¢, j, and k has a maximum convergence
of negative FVs of 4%, we can classify it as belonging to the 96% category, that is, with at least 96
positive FVs out of a total group of 100 FVs, so that in order to mathematically eliminate any possible risk
of loss, all Alice and Bob have to do instead of betting a total of 4 FVs is consider betting a total of at
least 5 FVs or more. This means that, as we increase the number of k independent events, which
results in an increasing number of each Small Block (j»); Intermediate Blocks (IB) and even Future
Values (FV), we say that the probability of having FVs with a negative outcome tends to zero.

Still on the previous example, it is known that on average the chosen configuration belonging to
the 96% category will have approximately 98 positive FVs and 2 negative FVs. Furthermore, we know
that Alice and Bob will have to bet approximately 5,500 games on each Future Value (FV). Based on
this information, this means that from k independent event number 22,001, the couple will have mathe-
matically eliminated all possible forms of loss considering the worst possible scenarios, such as having 4 se-
quences of FVs with negative results, which gives us a probability of (0.04 4 =.000256%) and the profit
from that moment on will be ensured by the law of large numbers.

Section 3.4 of this study will present a theorem and a mathematical proof of what was pointed
out in Play I presented at the Theater of Dreams.

3.2.1. Play II: Beating the House x% of the Time Using Some Margin of Advantage for the Player and
Mathematically Overcoming Any Possible Losses Along the Way

As with Moya's (2012) approach of employing a margin of advantage for the bettor, Alice and
Bob realized that by adding this element of advantage instead of simply the ‘fair odds’ offered by the
sportsbooks, in rationally logical terms, we can expect that, for example, depending on the advantage
established by the bettor over the sportsbook in so-called value bets, a set of configurations that could
converge on 94%, for example, could easily get even closer to 100% in terms of the number of FVs
with positive results.

If we take the example of a configuration with ¢ =1.04, j =3, and k = 33, for example, we have a
probability of success of 96.15%. Let's also consider that after analyzing market inefficiencies, the
odds were “fair” and now Bob would like to apply a margin of advantage over the house by consid-
ering ¢ = 1.03, j = 3, k = 33 as reference values for each Small Block (j») to be considered successful or
not, resulting in a probability of success of 97.09%. This difference of .94% added to the fact that the
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multiplicative factor of ¢ = 1.04 will return an even more significant positive net value than would
naturally be the case with ¢ =1.03, we can say that Bob, as well as being backed by a strong statistical
analysis, will also have a small but interesting advantage against the house.

As we can see, if an advantage is placed against the house, it tends to exponentially decrease the
time (understood as the number k independent events) needed to make it mathematically possible
for the bettor to always make a profit against the house, regardless of all the negative results along
the way.

In this sense, if, of course, a certain configuration belongs to the 95% category (understood as 95
out of 100 FVs with positive final values), it could easily come close to always being 100%. Under the
same reasoning, if a certain configuration belongs to the 97% category, we could, by applying x%
advantage to the bettor, always get a positive result over 100 FVs. In this case, the point of singularity
could be reached by using Victoria plus a margin of advantage for the player.

To illustrate the practical impact of a 95% positive convergence configuration in the Victoria
methodology, let's consider a hypothetical example in which each Future Value (FV) has a 95% chance
of generating a positive result and only a 5% chance (in the worst case scenario) of being negative. In
a set of 100 simulated FVs, this implies that, statistically, at least 95 FVs will tend to be positive and,
at most, 5 FVs could result in negative values.

We can convert this probabilistic scenario into a design similar to that of a lottery, where the
player fills in a ticket with 5 numbers between 1 and 100. In this case, numbers equal to or greater
than 96 are considered “losing numbers”, resulting in negative FVs. The probability of the worst-case
scenario occurring - that is, getting exactly 5 consecutive negative FVs within a set of 100 FVs - can
be calculated as a compound probability:

P(5 consecutive negative FVs) = 5% x 5% x 5% x 5% x 5% = (0,05)> = .00003125%

in other words, the chance of facing a sequence of 5 consecutive losses in a 95% efficient configuration
is only .00003125% - an extremely small value, indicating a rare but still possible event.

On the other hand, if we consider a sequence of 5 FVs and we have 3 FVs or 4 FVs with some
negative final result, indicating some degree of loss for the bettor, despite this - the other 2 FVs or just
one positive FV - still tend to provide final values with profits substantially higher than the losses
that occurred, so the bettor can still come out with a profit depending on the configuration of ¢, j and
k chosen.

3.3.3. Play III: Beating the House x% of the Time"

After the first three plays, Alice and Bob decided to go outside for a while to a kiosk outside the
theater and began to reflect on everything they had experienced in that environment full of numbers
and statistical magic, above all reflecting on the third play.

Another common scenario for expecting profits and beating the house is through the simple
approach of the Victoria model and its respective belonging categories. If a given configuration of ¢,
j, and k converges to 85%, 90% or 97%, this means that we can expect to obtain, in the worst-case
scenario, 15, 10 and 3 negative FVs, respectively, in each group of 100 FVs.

Let's still consider the previous examples. At this point, when the victorian bettor enters the
market and puts the Victoria formula into practice, he can expect that the odds of him coming out
with a positive FV will probably be something close to an average of 92.5%, 95% and 98.5%, respec-
tively. Under the same reasoning, the bettor is also aware that these certain configurations are “almost
perfect” and can present a very interesting cost/benefit ratio.

At this point, unlike plays I and II, where the aim is to mathematically eliminate all possibilities
of losses (although this is relatively low and rare), this bettor is willing to take a small risk of getting
sequences that could turn negative. As we saw in the previous sections, even if the bettor gets a few
sequences of negative FVs, with the remaining positive FVs - depending on the settings chosen - the
bettor can still make a satisfactory profit.

3.3.4. Play IV: Beating the House x% of the Time Using Some Margin of Advantage for the Player
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The couple return to the Theater of Dreams to watch a new play and look forward to the long-
awaited final performance. It is known that in Play IV, the idea is basically the same as in Play II,
however, the main difference lies in the fact that in Play II the aim is to mathematically eliminate any
possible loss when applying the Victoria model as well as adding any possible margin of advantage
if the bettor wishes.

In Play IV, the margin of advantage sought by the bettor does not necessarily aim to always
achieve 100 positive FVs out of all possible 100 FVs, but rather to apply that advantage to simply be
closer to 100%.

This issue can become clearer if Alice and Bob, for example, find a certain configuration of ¢, j
and k that always converges to at least a category of 88% which, with an x% advantage applied to the
player (if they wish and it is feasible to do so), can mean that instead of converging to this normal
value expected by Victoria, it can converge to a new category, such as 94%. As a result, the objective
in these cases could be to take advantage of the average cost/benefit presented in each positive FV of
this initial category, which with an x% advantage not only increases the average profit expected in
each FV, but also tends to considerably reduce the number of expected games.

3.3.5. Play V: Beacon Hill Park (Singularity Point)

In this final play, set in Beacon Hill Park, Alice and Bob are asked to find a “singularity point”,
that is, an optimal configuration in the Victoria formula (without taking into account any margins of
advantage for the bettor) that mathematically demonstrates that there will always be FVs with 100%
positive results out of 100 FVs in a row, regardless of the time lapse. This is probably a question that
will remain open when we talk about the Victoria methodology.

Determining these values would be fundamental in the sense that both have a smaller number
of possible games to bet on and, consequently, become very viable in practice because they require
less time. If we were to find these optimum configurations belonging to the singularity point, a Vic-
torian punter, for example, would only have to hope to play 'only’ between 4,800 and 7,000 games at
most to mathematically secure some positive value. Surely, if we can prove it in the future, this will
be a transcendental event in this theorizing.

X,, with probability P(X = X,),

% X,, with probability P(X = X3),

Xn, with probability P(X = X,,).
Conjecture:

Would it be possible, using the Victoria methodology, to determine optimal configurations of the parame-
ters ¢, j, and k that belong to a possible “singularity point”, where the cost-benefit ratio between the number of
successful and failed Small Blocks (jn) within Intermediate Blocks (I1Bs) would guarantee, in a consistent and
invariable way, that 100% of the Future Values (FVs) result in a profit over each set of 100 FVs?

3.4. Mathematically Always Positive in the Long Run

The theorem and its respective proof will be presented below for the scenario presented in sec-
tion 3.3.1 in Theater of Dreams, in which we can see that as the value of N increases, i.e. the number
of independent events k, the bettor tends to mathematically eliminate all possible risks of any losses
in the long run, even accounting for all the sum of wins and losses along the way.

Theorem: In a model with N = 100 Intermediate Blocks (IB), each IB also contains j. Small Blocks (Bi or Ci), if
the mathematical expectation of profit per IB E > 0, then the probability of obtaining a positive total profit (W >
0) increases as N—soo.

Proof:
Definitions and assumptions:
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1. Each Intermediate Block (IB) contains n Small Blocks (j»), which can be a success (f), i.e. when it has
a value > 0, or a failure (C), i.e. when it has a value < 0.

2. The profit per IB is a random variable X. Consider a discrete random variable X with n possible
distinct values X1, Xz,...,Xn, where each Xihas an associated probability P(X=Xi). The variable X is
described as:

The probabilities associated with X must satisfy the following conditions:
Each P(X = Xi) is non-negative:

P(X=Xi)>0, vi=1,2,...,n
The sum of the probabilities is equal to 1:

n
> P =il
i=1
The mathematical expectation can be given by:
Tt
EX]=) X, P(X=X,).

i=1
Its respective variance can be defined as:

Var(X) = E[X?] — (E[X])*
where,
E[X?] is the expectation of the square of X, given by:

E[X? = ixf . P(X = X;).

We can say that (E[X])? is the square of the mathematical expectation calculated previously.

3. Wais the total profit after N=100 intermediate blocks, given by:
100

W = Z X;
4. All Xi are independent and identically i=1 distributed (i.i.d.), as each IB follows the
same probabilistic model.

Lemma 1. For a sequence of random variables X1, Xo,..., Xn i.i.d. with mathematical expectation E[X] > 0, the
sample mean almost certainly converges to E[X] as N — oo

R
Jm o 2 %= B

Proof of Lemma 1:
This result follows directly from the Strong Law of Large Numbers. Since E[X] > 0 by
hypothesis, we conclude that:

N
1 : :
— Z X; >0 when N is sufficiently large.
N i=1
N
Lemma 2. The second lemma refers to the cumulative deviation. The cumulative sum Wy = Z X; shows a
i=1
linear trend with N, where:

Furthermore, for any €> 0:

P(‘%"E{X]‘q) -1 asN — oo.
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Proof of Lemma 2: This result is also based on the Strong Law of Large Numbers. As E[X] > 0, we

have:
Wy = N - E|X]| + €n, where ey is the error that tends to zero.
Corollary:
If E[X] >0, then:
P(Wy >0)—1 asN — oo.
Proof of Corollary:

As % —~ ElX] and E[X]>0, we conclude that Wx> 0 with high probability for sufficiently large
N.
3.5. Differences Between Victoria and Kelly’s Criterion

One point in common between the Kelly Criterion and the Victoria is the use of compound inter-
est through reinvestment. However, there are some peculiarities to both approaches that we can see
better in the table below.

Table 15. Differences between Victoria and Kelly’s Criterion.

Approach Kelly’s Criterion Victoria
Mathematical Maximizing the exponential growth of the It consists of the Law of Large Numbers and
Foundation staked capital. based on positive Convergence in probability and the analysis of
mathematical expectation. intermediate blocks to guarantee a positive

profit in the long term.

Formula 11—
. pb+l)-1 )
frf= Jo=l(S, 0= S) Bl - S,

. where f° the fraction of the capital tobe ~ Where @, k, B, (are adjustable parameters fo

bet. p is the probability of success and b is Zuarantee long-term profit.
the odd.

Goal Maximize the long-term growth rate of  Ensuring a mathematical model that
capital without (or with low) risk of muin.  overcomes the home advantage, exploring
probabilistic patterns of independent events as
well as complementary actions such as the

choice of optimal parameters.
Risk Approach It can lead to extreme volatility and total It uses a successive blocks model to smooth
loss of capital 1f the estimate of p is out risks and at the same time guarantee a
incorrect. long-term profit trend. Like Eelly. it is

expected that there will be a good estimate of
p. however, without there necessarily being an
advantage over the house, just that the odds
are “fair”.

Applicabilicy Sports betting and financial markets. Developed specifically for sports betting,
however, it can have practical implications in
Game Theory and other areas, especially due
to the “Predictable Random Component™ n

function.
Parameter It depends exclusively on the odd offered In addition to the odd offered and the
Dependencies and the estimated odds. estimated probability, there are also multiple

parameters (@. j. k) present in the blocks to
optimize the statistical advantage in a series of
independent events.

Possibility of Ruin It can lead to muin if the odds are Reduces the risk of min over successive small
overestimated. (/) blocks and Intermediate Blocks (IB).
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The main practical distinction is that Kelly requires the player to have an accurate estimate of
the house edge in order to maximize capital growth, while Victoria can work even without such an
edge, provided only that the odds are “fair”.

As we can see, Victoria reduces risk by working with intermediate blocks and small blocks, al-
lowing better control of variability and guaranteeing a long run profitable trend only through its gen-
eral formulation without considering any kind of advantage against ‘House’.

Furthermore, by design, Victoria hopes to provide potential users of the method with a robust
theorization that, in addition to its positive long run mathematical expectation, will also provide more
peace of mind when executing the method, minimizing the impact of psychological biases and other
emotional issues that are factors that cause many bettors to lose money in this market.

3.6. Victoria and the Game Theory

3.6.1. A Brief Reflection on Some Socio-Economic Aspects and the Proposal for an Eco-
nomic Model Based on Science and Statistics

Well, throughout this study, it has been a challenging task. I was expected to finish it in just over
seven months. However, I have suffered a lot of pain from a deficiency of some vitamins, especially
vitamin B12, which was at levels considered very serious to the point of strongly affecting my mind
and nervous system. As aresult,  had to postpone and complete this study by a little over ten months.
I've always been overly curious and thinking about this issue, so when I went home from the medical
center comfortably numb, I reflected a little on some socio-economic issues, such as:

e  Could factors such as the higher the rate of the population with a satisfactory nutritional base (in
terms of vitamin balance...) in the body have a positive influence on a higher quality of life, to
the point of preventing and minimizing the impact of diseases? How could such a nutritional
base influence the process of generating wealth for nations over the years in the medium and
long term? Could these countries be more socially and economically developed than others
whose populations have a lower percentage of citizens with a satisfactory nutritional base?

e  Could socio-urban aspects such as countries that have higher rates of sidewalks and other orga-
nized and standardized constructions positively influence quality of life indices as well as the
process of wealth generation for nations over the years in the medium and long term?

As far as the first question is concerned, Fontaine et al. (2003) carried out an in-depth study on
diet as well as other hereditary factors, considering different categories such as age, ethnicity and
analyzing how Body Mass Index (BMI) could also influence the metric of Years of Life Lost (YLL).
Overall, the study came to the conclusion that overweight has a significant impact on quality of life,
especially among younger people.

This premise raised as imagined is not new and I was very excited by the results found through
the study by Wang and Taniguchi (2002) which indicate that improving nutritional status has a posi-
tive and significant impact on long-term economic growth. In particular, we can estimate that an
increase of 500 kcal/day in the average supply of food energy per capita can increase the growth rate
of real GDP per capita by approximately 0.5 percentage points. This effect is particularly significant
in East and Southeast Asian countries, where the magnitude of the impact can be up to four times
greater.

Furthermore, Wang and Taniguchi (2002) also point out that However, for other developing
economies, the relationship between nutrition and growth tends to be negative or statistically insig-
nificant in the short term, possibly due to the dynamic interactions between population growth and
labor productivity. These findings suggest that policies aimed at reducing malnutrition can generate
not only humanitarian benefits in terms of quality of life, but also significant gains in terms of sus-
tainable economic growth. Ogundari and Aromolaran (2017) through their case study in sub-Saharan
Africa also found significant results regarding the correlation between better levels of nutrition and
an increase in a region's GDP.
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With regard to this question about socio-urban aspects, it is assumed that the lack of standardi-
zation, for example, of sidewalks and streets, can mean that each citizen, whether on foot or in their
vehicle, requires a little extra energy to observe, reflect and act in the face of disorganized environ-
ments with too many obstacles in front of them, whether they are commuting to work, going home,
or simply going shopping.

The question that remains is what could be the impacts on both the quality of life of each citizen
and the economy of a nation, a city that has high rates of disorganization of its public roads could
bring over a year, 5 years, 10 years, 30 years?

What should be clear and understandable in this questioning is that these small amounts of en-
ergy demanded are nothing more than “human depreciation” . In the long term, these people could have
more vitality and time to deal with other issues, whether for their own personal well- being or even
with this “saved” energy, they could be in a position to contribute even more to generating wealth
for their local community, whether through working more on projects for their own self-realization
or developing new technologies and knowledge that could generate added value and be patentable.

During this time, people traveling on public roads in a disorderly manner can lead to higher
rates of accidents and even deaths, and consequently tend to increase public spending on the health
sector, which is even more sensitive for those countries that have a unified health system. Once again,
the sum of these avoidable accidents over the long term could prevent new investments in other
sectors.

This relationship between the socio-urban aspects theorized here is not new, but has also been
addressed by other authors such as Khalil (2012), who emphasizes that Gross Domestic Product
(GDP) should not be seen as the main tool for assessing a population's level of well- being. The author
investigates how strategic urban planning can be a tool for increasing the quality of life perceived by
citizens.

Another interesting study was by Deng et al. (2018) in which we see that urban planning has a
significant effect on controlled urban growth within the Special Economic Zone (SEZ) as was ob-
served in the case study in Shenzhen, China.

The case study observed on Chaharbagh Abbasi Street in Isfahan, Iran, by Shahmoradi et al.
(2023) shows that pedestrianization can initially have negative impacts, such as the closure of 27.5%
of traditional businesses and the stagnation of sales and job creation. However, in the medium and
long term, it has shown promising potential for increasing economic activity, as pedestrian traffic has
increased by 64% and new food and beverage outlets have increased by approximately 60%. As the
authors emphasized, the results found in this region can be better analyzed in other contexts to see if
this practice, considered sustainable, can promote both the health and well-being of citizens and ex-
pand the local economy.

In addition to these two questions, there is a third: could countries in which Sportsbooks have
lower annual revenues than other countries (in percentage terms) somehow at the same time imply a
population that is better educated about personal finance and knowledge of statistics?

Could we measure this and create new economic metrics from this point? In fact, we must also
take into account that correlation does not imply causality, but it could be an invitation to analyze
variables that deserve to be better investigated in detail.

Furthermore, as Banerjee and Duflo (2011) put it in their study on new economic perspectives
for minimizing poverty through the understanding that as human beings interacting with the natural
world we result in complex systems, perhaps we should look more at the details and particularities
of each place to understand the reasons for “poverty” instead of coming up with economic models
with the aim of generalizing across the globe.

Douglass et al. (2024) demonstrated how statistics can be present and impact on results in Olym-
pic Games. Mesquita et al. (2010), using data analysis and statistical techniques, analyzed the climatic
properties of extratropical storms in the North Pacific Ocean and the Bering Sea, regions known for
their high cyclone activity and storm tracks. Thus, Political decisions should be focused on statistics
and science rather than political ideologies which tend to lead us into a game whose payoff will be
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negative and/or at best a relatively slow growth in human progress. By asking these simple questions
and redirecting the way we think about the natural world and our interaction with it, we can surely
make relevant discoveries that could lead to a fairer world with a better quality of life for everyone.

3.6.2. Predictable Random Component Function (n(X))

Assumptions and definitions:

e  Consider a game G with N players g1, g2, ..., gN.

e Randomness in the game follows a uniform distribution U(a,b).

e The n(X:) (Predictable Random Component) function represents the factor that connects the player's
knowledge to their ability to exploit randomness and other additional actions.

e Each player gi has a strategy s and an expected payoff [E[m].

Definition of the n(X:) function:
n(gi) = f(Ula,b),0)
where 0 represents statistical parameters derived from observations of the U(a,b) distribution.
Below are some of the conditions of the problem:

1.  Each player gj, using his advanced knowledge of randomness and mathematical or physical op-
erations, defines a 3: strategy that ensures that in the long term his expected payoff will be pos-
itive.

2. After n sequences of moves, theSZstrategy guarantees that [£[m]> 0, regardless of the behavior
of the other players.

In formal terms,
for gi, we define n:Rk— R, where 1) is a function that incorporates:

1. The player's knowledge of the uniform distribution U(a,b);
2. Mathematical operations f(x), physical operations /(x) or any other cognitive action.

Since the objective is always to guarantee a positive value, the si strategy must satisfy the follow-
ing condition:
vneN, E[r7]>0
This means that, regardless of the conditions of the game and the strategies of the other players,
the application of the n(X:) function must ensure that the cumulative sum of the returns is never neg-
ative.
For each player g, we define a strategy sithat depends exclusively on the function n(X:):

§i = .f(na 9)

where f1is a statistical function constructed to guarantee that, for any sequence of n rounds:

iﬂ': = i(f(U(a, b),0) +€) >0, VneN
t=1

t=1
where e is a random error with E[e] = 0, which represents short-term fluctuations, but does not affect

the positive long-term trend.
Positive expected payoff condition: For any n€N:

Efmi(s],5-4)] > 0

Dependence on the 1 function:
The si strategy depends on the 1(X:) function, i.e:
s; = f(n,n,U(a,b)).
Under these conditions, player gi can guarantee a positive expected payoff in each sequence n,
regardless of the opponent's strategies.
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The Predictable Random Component approach redefines the player's strategy by focusing on the
sustainability of returns with positive payoffs, unlike approaches such as the Kelly Criterion that seek
to optimize the expected gain, the 1(X) function (or f(Xr) function in the context of VNAE) establishes
a strategy where the rigorous application of the statistical model guarantees that E[mi] > 0 always,
providing positive cumulative growth over time.

3.6.3. Victoria-Nash Asymmetric Equilibrium (VNAE)

Let a stochastic game be formalized as a tuple: G= (N, S, U, P),
where,

N=1{1,2,..., n} represents the set of players;

Siis the set of strategies available to each player i; Ui: S — R is the utility function of each player;

P is a probability distribution that models the randomness present in the game.

fo(X¢) = The fo(X¢) or n(X:) function (or simply, n or fv function) refers to the fact that within a game
in which the randomness factor in a uniform distribution is crucial to it, any player who has advanced
knowledge of randomness added to other additional actions, whether with the support of statistics,
mathematical and/or physical operations, will be able to determine an optimal strategy whose results
of the expected value of the player's payoff will always be positive regardless of what happens after
n sequences determined by the player.

We define a stochastic process X: associated with the game, where the dynamics of states follows
a distribution P(Xt). We assume that:

In “Predictable Random Component” there is a function fy : R? - R such that:

P(X¢11]|Xe) # P(Xe11|Xt) + €

where ¢t is a random residue uncorrelated with X: and f(X:) is a transformation that allows us to pre-
dict certain structurable patterns within the randomness.

tliglo P (Ui(S:, S_;) > 1222‘( Ui (S;, St)) =il
It is important to mention that in the convergence in probability of the optimal strategy there is

*
a strategy S;such that:
this implies that player i can maintain a continuous statistical advantage over time.

Theorem: If there is a function f(X:) such that the randomness of the game shows partial predictabil-

%
ity, then there is at least one player i with a strategy S; that allows continuous advantage, shifting
the equilibrium to an asymmetric state.

As a way of demonstrating this, we can apply, for example, the fixed point theorem whose refer-
ences to Brouwer (1911) and Banach (1922) as well as Markov processes.

First, let's approach this proposed model from the perspective of the fixed point theorem.

Let G=(N, S, m) be a stochastic game, where N represents the set of players, S1 x 52 x ... x Su is the
space of available strategies and 7i: S x X — R is the payoff function for each player .

It is also assumed that each player can choose a strategy si€ Si and that X: ~ U(a, b) represents a
stochastic process with uniform distribution in the interval (g, b). A predictable function f(X:) is de-
fined, representing the structurable component of randomness, so that a player's payoff function is
given by:

7ti (s, Xi) = gf(s, X+ &
where gi(s, Xt) is a continuous function and ¢ ~ U(c, d) represents random noise. We can define the
best response function as B(s), which returns the optimal strategy for a player, given the strategy of
the other players, as
B(s) = arg max E[m;(s', X¢)]

s'eS;
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The aim is to demonstrate that there is at least one set of strategies §*such that

B(s*) = s".

To establish this result, we use Brouwer's Fixed Point Theorem, which guarantees the existence
of at least one fixed point for any continuous function defined over a convex and compact set, since
it is a closed and bounded subset of [Rr, and convex, since it allows mixed strategies.

In addition, it should be clear and understandable that the continuity of the best response func-
tion B(s) follows from the continuity of gi(s, Xr) and the linearity of the mathematical expectation.
Since B(s) is a self-mapping function in S, satisfying all the hypotheses of Brouwer's Theorem, it fol-
lows that there is at least one §*such that B(s*) = 8™ guaranteeing the existence of an asymmet-
ric Victoria-Nash equilibrium where a player can exploit predictable patterns of randomness in a sus-
tainable way.

Let’s consider the dynamics of the game as a Markov process where the state X: evolves accord-
ing to:

Xiv1 = fv(Xy) + &
where, f(X:) captures structurable patterns within randomness, while ¢: is the uncorrelated random
residual, defined by:

E[et\Xd = 0, c ]E[Gtﬁt_k] = 0, Vk 75 0.

This means that ¢: is a purely random term and therefore has no temporal correlations.

The maximum “predictability” has already been extracted by f«(X:), i.e. the entire exploitable and
expected pattern of true randomness has been identified. What remains (¢r) is truly unpredictable,
which we can say is the majority, demonstrating that the advantage exists, but there is a statistical
limit to exploiting it.

By hypothesis, f(X:) captures part of the random structure of the game, making X: partially pre-
dictable.

If X: is partially predictable, then there is a strategy S: such that:
Ui(S7,S-:) > Ui(S:i, 5-i), VSi #8]
This means that player i can adjust his strategy according to exploitable patterns of randomness,
ensuring that his expected utility is consistently higher.

*
We can define the new equilibrium as $; a state where:

E[U;(S7,5-5)] > maxE[Ui(S:, 5-)]
SiES

this means that player i maintains a long-term advantage, even if the other players optimize their
strategies.

Since this advantage cannot be neutralized by the other players, the game converges to an asym-
metric state in which player 7 sustains a continuous strategic edge. This result deviates from the clas-
sical Nash Equilibrium, which assumes that no individual player can maintain a persistent advantage
and that all participants operate under conditions of strategic parity.

As we can see, the VNAE has some implications for Imperfect Information Games, since it mod-
ifies the conception of imperfect information games by suggesting that randomness can be partially
predictable for certain strategic agents.

Let G’ be an imperfect information game, where each player i has subjective beliefs mi(h) about
the historic & of the game. Traditionally, these beliefs follow the Bayesian updating rule:

P(h'|h, S_;)mi(h
ﬂ'i(h’)z ( | ?” 3) !( ) —.
Zh”EH P(h |h, S_@)ﬂ—i,(h )
However, if P is structurally partially predictable under fv(X:), then classical Bayesian updating

can be replaced by a 'deterministically adjusted' version, where certain events can be anticipated and/or
expected in the long term due to factors such as convergences in probabilities, for example. This
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changes the expected strategic behavior in financial markets, betting and other decision games in dif-
ferent areas in which the randomness factor is an important basis for the system.

Although it still maintains the basic essence of the Nash Equilibrium, in VNAE the idea of a “fair”
and symmetrical equilibrium as we can see no longer exists, because exploitable predictability alters
the structure of the game in which one of the players tries to respond by minimizing their disad-
vantage.

Despite its asymmetrical nature, it is also important to think about two possible scenarios:

1. the central idea of the VNAE in which one side will always have a structural advantage through
the fv function, thus leading to an inevitable and immutable asymmetric state and;

II.  the response of the players at a disadvantage being able to adopt a minimization strategy and,
depending on this, reach a new equilibrium and/or advantage for one of the sides at another
point.

In fact, the Victoria methodology redefines the structure of strategic equilibrium by demonstrat-
ing that randomness can be exploited for sustainable advantages within stochastic games. The Victo-
ria-Nash Asymmetric Equilibrium proposes an extension of game theory by integrating statistical pre-
dictability into games with uncertainty, as opposed to the idea that optimal strategies always con-
verge to stationary states of no advantage.

In the framework of the Victoria-Nash Asymmetric Equilibrium (VNAE), despite the presence of
structural asymmetry, a given player can sustain a long-term strategic advantage

without the possibility of complete neutralization by opposing agents. Its equilibrium consists
of its transformation into a new state, in which statistical predictability - combined with additional
physical and/or cognitive strategic adjustments (such as advanced knowledge of randomness in a
uniform distribution and some mathematical and/or physical operations, for example) - fundamen-
tally alters the underlying dynamics of the game.

Victoria through the fv(X:) function by allowing sustained advantage, then the dynamics of the
game change to a state where that player becomes dominant. However, this dominance, as stated
above, may not be absolute, since there may be scenarios in which the other participants or external
factors may adopt strategies (for the purpose or not) of mitigation, creating (again) a new equilibrium
structure and even changing the rules of the game which, in this case, would not only modify Victoria-
Nash but also the Nash equilibrium itself in its essence.

The idea presented here is just a simple start for something that needs to be further developed,
especially considering practical applications in various other areas of science, from information secu-
rity to artificial intelligence and biology, for example.

3.6.4. Victoria-Nash Asymmetric Equilibrium (VNAE) in a Nutshell

Let there be a stochastic game G with N rational players, where each player i chooses a strategy
si € Si to maximize his expected payoff. In this model, we consider the existence of a predictable ran-
dom component f.(X:) within the randomness allowing a player to explore statistical patterns given
a uniform distribution and employ complementary actions such as using mathematical operations,
physics and/or any other cognitive actions.

Formally, a set of strategies $ 1--+» SN constitutes a Victoria-Nash equilibrium (VNAE)

if, for each player i, there is a predictable random component f/(X:) such that its optimal strategy
5

maximizes the expected payoff conditional on this predictable structure of randomness. Below

is its formulation:
Ui(siys-i) = E[Pi(s7, 5-5) + fo(X4) [ Ti] > E[Pi(si,5-4) + fuo(Xe) | L], Vs €5
where:
Uy(s;) : player i’s expected payoff when choosing the strategy ;.
Pi(si, s-i) : Traditional payoff function, based on the interaction between the players' strategies.
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fu(Xi) : predictable component within the randomness of the game, allowing statistical patterns
to be identified.

Z; : set of information available to player i at the time of the decision, which influences his/her
strategic choice.

This formulation implies that, in a Victoria-Nash Asymmetric Equilibrium, certain players can
gain sustainable long-term advantages by identifying predictable patterns within the randomness of
the game, which leads them to an asymmetric equilibrium.

As we can see, if f«(X:) is relatively small or zero, the VNAE can converge to a Nash Equilibrium.

Impacts can be expected in stochastic games, zero-sum games, asymmetric games, repeated
games, imperfect information games as well as an extension of Nash Equilibrium and Bayesian Equi-
librium, for example.

3.6.5. Victoria-Nash Asymmetric Equilibrium General Applications

As we saw earlier, there is a function f/(X:) that allows us to extract and partially predict the
randomness in a stochastic game, specifically, considering a uniform distribution. In summary, what
should be clear and intelligible is that through the function n(X:) (or f(X:) in the context of the Victo-
ria-Nash Asymmetric Equilibrium):

e the model expands the classic concept of equilibrium by incorporating partial predictability of ran-
domness as an integral part of strategy,

e  this scenario leads to one player managing to maintain a sustained strategic advantage over the
long term,

e this advantage leads us to an asymmetric state in which one side has a structural advantage after
applying a dominant strategy through the fv(X:) function (Predictable Random Component),

e It modifies the structure of zero-sum games and imperfect information games, creating new
forms of strategic equilibrium.

e however, there is the possibility of other players trying to mitigate this advantage as well as lead-
ing to a possible new equilibrium and/or an advantage for one side at another given point.

The model departs from the classic Nash Equilibrium, as it allows for a structurally asymmet-
rical and potentially dynamic state. Even though it is an asymmetric equilibrium, players rationally
continue to maximize their strategies within the game, maintaining the basis of the central principle
of the Nash Equilibrium.

The 1n(X:) function as well as the Victoria-Nash Asymmetric Equilibrium can have practical ap-
plications in the biological sciences and ecology through a variety of studies, from modeling bacterial
cultures, tumors, to analyzing behavior patterns in animals (based on 'instinctive rationality' through
biological reinforcements and survival through natural selection) in which the randomness factor and
uniform distribution can be present as a basis for study.

Following the same reasoning, the identification of lottery designs in which there can be positive
mathematical expectation for the player. Although the author didn't go into it in depth, I have noticed
this issue and the real possibility that some lotteries around the world (especially those whose designs
lead to more accessible jackpot odds for a player with a single ticket to win)

- may be theoretically 'vulnerable' to victorian players employing convergence in odds as a de-
cision-making tool, as other colleagues have also presented similar results over time, as in the case of
Stefan Mandel and, more recently, by Stewart and Cushing (2023). The same thought applies to other
random games such as roulette: probably the only way for a player to be a winner using statistics
(and not relying on physical deviations of the roulette wheel and/or PRNG algorithms used in digital
roulettes) is to deeply understand the convergences in probabilities added to other complementary
actions, as well as counting on the monetary values per bet and returns also being favorable to him.

In the groundbreaking work "Mick Gets Some (The Odds Are on His Side) (Satisfiability)" by Chvatal
and Reed (1992), the authors explore probabilistic properties of random Boolean formulas within the
k-SAT framework, establishing critical thresholds for satisfiability and demonstrating the probabilis-
tic dynamics underlying solution spaces. By leveraging advanced algorithms such as Unit Clause
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(UC), Generalized Unit Clause (GUC), and Shortest Clause (SC), the study reveals how structural ran-
domness in clause-variable relationships can lead to high-probability satisfiability outcomes under
specific configurations.

As we can see through Chvatal and Reed (1992), the probabilistic approach to satisfiability res-
onates with the principles underlying Victoria-Nash Equilibrium, particularly in its focus on explor-
ing predictable patterns in stochastic environments. In this sense, we can expect contributions from
VNAE to future studies in the area of computing and optimization in this direction.

In addition to the aforementioned environments, it is also hoped that, based on the same princi-
ple of the n(X:) function, applications in the field of cryptography may also be possible, to a certain
extent, especially in terms of trying to reduce the number of possible combinations in randomization
algorithms, which this study can provide as an additional focus for professionals in this field.

In economic systems, especially in financial markets, the existence of the Victoria-Nash Asym-
metric Equilibrium may be present in possible applications of hedge funds considering different
types of investment markets.

Considering that one of the fundamental bases in areas such as data science and artificial intel-
ligence is the identification of patterns that can result in a descriptive or predictive model, as we can
see in the recent paper by Martins and Papa (2023) in which they present a new clustering approach
based on the Optimum-Path Forest (OPF) algorithm. In this sense, we can also expect that Victoria and
its respective ‘equilibrium’ could provide new perspectives for this field, helping to identify patterns
and make decisions.

Furthermore, through the field of study of Neutrosophic Statistics formalized by Smarandache
(1999) and Smarandache (2014) as an extension of Classical Statistics that incorporates the indetermi-
nacy factor (I) in probabilistic models, it is also believed that Victoria could also have applications in
this sense and, adapting to this emerging field, the predictable random component can be defined as:

£u(Xe) = p(T) - E[Xi] + p(I) - € + p(F) - €
where,

“Truth” p(T), ‘Indeterminancy’ p(l), and ‘Falsity’ p(F) represent the neutrosophic components of an
uncertainty distribution in a strategic game;

& represents an uncertain but partially modelable component and ¢ represents pure random er-
ror.

There is also a positive expectation for practical applications within the field of physics studies,
especially in dynamical systems where they have strong approaches to finding patterns in chaotic
systems. Furthermore, Victoria-Nash Asymmetric Equilibrium in several other subfields - from me-
teorology, plasma physics and nuclear fusion control to quantum mechanics and non-linear optics -
can help exploit asymmetric advantages and optimize complex systems. It is therefore believed that
it can open up new avenues for control, efficiency and innovation in various fields of physics.

Mathematical modeling as well as randomization is very present in studies in the field of bio-
logical sciences and ecology, as can be seen from Johnston et al. (2007) when applying mathematical
models to model colorectal tumors, for example. As we can see from the study presented by French
et al. (2012), in randomised clinical trials the allocation of patients between treatment and control
groups is designed to be completely random in order to reduce bias while ensuring statistical validity.
However, the VNAE suggests that, even in this context, there may be predictable structures in the
response to treatment, which can be explored mathematically.

Convergence in probability tells us that as the number of observations increases, the sample
means of a specific subgroup get closer to an expected value. In this way, even in an environment
where randomness dominates allocation, certain patients may show predictable patterns in their re-
sponse to treatment, making it possible to anticipate the behaviour of certain subgroups.

Let Yibe the response to treatment of patient i. We can model this response using the following
formulation:

Yi=p+ni+e

where,
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U : represents the expected mean response to treatment;

ni: represents a predictable random component within the randomness of the group to which the
patient belongs;

ei:represents the random error or ‘random noise’ (the part of the randomness that cannot be tamed)

If convergence in probability is valid, then for a specific subgroup G, we have:

1 P
oy Z Yoo P
ieG

In addition, identifying these predictable patterns can help correct structural biases in random-
ization. In fact, certain factors such as genetic factors, age and previous medical conditions can influ-
ence the response to treatment in a systematic way, creating a bias that can compromise statistical
inference. In any case, VNAE can make it possible to model these structural variations, improving
the interpretation of results and optimizing decision-making in clinical trials.

The approach proposed in this study may make it possible to adjust statistical analyses to take
into account the predictability that exists within randomness, ensuring that conclusions about, for
example, the effectiveness of treatment are more robust and representative of reality. Here, instead
of using the function f(X:) with the aim of the gambler generating consistent profits against other
gamblers as well as against the ‘house’, we simply convert it into the mathematical-medical language
in which health professionals will ensure that patients obtain additional asymmetrical advantages in
dealing with their respective illnesses.

As we can see, this is still a new study and therefore new perspectives for practical applications
will emerge over time. In this sense, the entire academic community is invited to discuss and delve
deeper into this theorization of Victoria in their respective areas of expertise, especially those in which
I do not have relevant knowledge such as physics and biological sciences and that I am unable to
draw any assertive conclusions in this regard and that these colleagues will surely do a better study
than me.

3.6.6. Social Science Applications of the Asymmetric Victoria-Nash Equilibrium

The presence of randomness in social games can be modeled by a uniform distribution X:

~U(a, b), representing the uncertainty inherent in human existence and human interactions, such
as variations in individual preferences, access to resources and opportunities and the impact of un-
predictable external factors. Nevertheless, within this randomness, certain rational agents can exploit
predictable patterns, gaining a sustained strategic advantage over time.

The Victoria-Nash Asymmetric Equilibrium (VNAE) describes this asymmetry by incorporating
a predictable component fv(X:) within the stochastic structure of the game, allowing individuals or
groups to maintain continuous influence even in environments subject to random fluctuations. This
is because, although social decisions have a degree of uncertainty, certain structural attributes - such
as economic capital, networks of influence, dominance over communication channels - create a sys-
tematic bias that favors agents with a greater capacity for foresight and strategic adaptation.

In this context, elements known as natural gifts, charisma, talent, long periods of training, and struc-
tural inequalities act as factors that allow partially predictable patterns to be identified and exploited
in social interactions. Individuals with superior communication skills, for example, can 'predict' and
influence group behavior, consolidating leadership positions in social networks and negotiation prac-
tices. Similarly, in the global economy, nations with industrial and technological superiority have
predictable advantages over emerging countries, being able to anticipate strategic positions and re-
actions and adjust their policies to maximize gains, even in the face of external uncertainties.

As we can see, when applied to social science contexts ranging from psychology and sociology
to interpersonal relations and geopolitics, the concept of predictable patterns of randomness consists
of the sum of natural advantages (or a person's natural gifts and talents) and structural advantages
(in terms of resources and access to opportunities), as well as the ability to identify environmental
and social patterns to increase their payoff.
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In sociology, for example, sensitive topics such as access to education can become an example of
how certain social groups with greater access to information and 'elite education' undeniably tend to
have an asymmetrical advantage over other players in the same game. Even if a student from a 'poor
education system' comes to be at the same level as others over a period of time, those belonging to
the elite education group can still remain with a constant structural advantage over time.

In the social environment, the impression we may have that the positive results of something don’t
matter, but rather who presents them, can be modelled and explained by a mathematical model that
shows asymmetrical advantages for one side.

When analyzing social inequality from the perspective of game theory, it becomes even more
necessary to debate how public policy can offer equal opportunities to all rational agents in this game
called real life. Other sensitive topics, such as income distribution, the problem of hunger and nutri-
tion, access to health care, among others, also follow this same line of reasoning in which certain in-
dividuals tend to have asymmetrical advantages over others even if they are in the same position and
carrying out the same activity.

Thus, briefly, VNAE provides a mathematical model to explain how strategic agents can use
structural characteristics to transform a stochastic environment into a predictable dynamic, sustain-
ing long-term asymmetric advantages as well as shaping strategic equilibria, including in complex
social systems.

3.6.6.1. VNAE Applied to the Battle of the Sexes

Just like the classic version of the game, let's consider that a couple wants to decide between
going to two events: Opera (p) and Football (7). The woman prefers to go to the opera, while the man
prefers soccer, but they both value being together more than going alone to the event of their choice.

Traditionally, the game features two pure Nash equilibria (p, p) and (7, T) and a mixed equilib-
rium where players can randomize their choices. However, with the introduction of VNAE, we con-
sider that the woman has a predictable advantage factor f(Xt), which is interpreted as a social bias, a
historical decision pattern and/or a psychological inclination, for example, which means that even
when faced with apparently equal decision scenarios, the woman may still have some tendency, a
slight advantage in her favor.

In this sense, as a slightly exaggerated hypothetical example, we can also infer that if fv(X:) is
large enough, the equilibrium in which the woman manages to go to the opera becomes the only sus-
tainable one in the long term, characterizing an Victoria-Nash asymmetric equilibrium in which one
player maintains a continued strategic advantage by exploiting predictable patterns in social interac-
tions.

3.6.6.2. VNAE Applied to Geopolitical Scenarios

Let's consider a strategic game between Nation A and Nation B in which both compete for geo-
political influence. It is known that Nation A has structural advantages such as greater industrializa-
tion, development of new technologies, global media influence, military dominance and dominance
over international institutions, for example. On the other hand, Nation B, despite also being compet-
itive in the open-market, has fewer resources but still tries to maximize its interests. Both can opt for
two main strategies Cooperation (C) or Conflict (W).

When we consider the effect of Nation A's superior industrialization, global media influence and
military power, we can see that it generates a predictable structural advantage in any conflict scenario
with Nation B. This factor is represented by the Predictable Random Component fv(Xt), which in-
creases Nation A's payoffs whenever there is competition or confrontation. Below is a table contain-
ing the payoff matrix according to the VNAE:

Table 16. Payoff matrix between two nations according to the Victoria-Nash Asymmetric Equilibrium.

Nation B: C Nation B: W
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Nation A: C (3,3) (1, 4)
Nation A: W (4+f(Xy), 1) 2+ /(Xy), 2)

We can conclude that whenever Nation A opts for W (conflict), its payoff is increased by f(X:), as
its structural superiority ensures that it loses less and gains more in rivalry scenarios. Consequently,
this alters the balance of the game, making the equilibrium asymmetrical and favoring more aggres-
sive strategies on the part of Nation A, which can sustain a dominant stance without suffering pro-
portional losses.

Furthermore, for Nation B, this leads to a lock-in effect, where cooperation (C, C) becomes the
only sustainable option in the long term, since any attempt to challenge Nation A's hegemony could
lead to disproportionate results. In this way, in the field of international relations, the VNAE can
explain how a dominant power can maintain a strong influence on the geopolitical scene even in the
face of uncertainty and explicit rivalry.

3.6.7. Differences Between Victoria-Nash Asymmetric Equilibrium (VNAE) and Stackelberg Equilib-

rium

The discussion in the previous section about possible applications of the VNAE within the field
of social sciences inevitably leads us to ask about the main differences between the equilibrium pro-
posed in this study and the well-established one called the Stackelberg Equilibrium, above all due to
the fact that both deal with asymmetry within a game.

Below, through Table 17, we will see some of the main differences between the two theories:

Table 17. Differences between Victoria-Nash Asymmetric Equilibrium (VNAE) and Stackelberg Equilibrium.

Approach Victoria-Nash AE Stackelbere Equilibrium
Origin of the Advantage It arises from a predictable factor The advantage comes from the
within the randomness. allowing one anticipatory movement of the leader,
player to have a sustained advantage who chooses first and influences the

without having to move first. follower's response.
Sustainability of the advantage Structural and continuous: aplayer The advantage can be contested: since
maintains an advantage in the long  the follower can find a new strategy to
term by exploiting predictable change the equilibrium.
patterns.

Hierarchy The asvmmetry is not explicit, but ~ There is a clear hierarchy, where the
emerges from a structure of partially  leader makes decisions before the
predictable randomness in the game. follower.

Trpes of games modeled in social Applicable to long-term social, It shapes negotiations. markets and
sciences business and governmental strategic decisions with visible
interactions, culfural dynamics and leaders.

structural inequality.

As we can see from Table 17, both have asymmetry as a central focus and one of the players has
an advantage over the other, but with different approaches to the origin of the advantage and hier-
archy, for example. Next, we'll look at some of the expected practical applications for VNAE and
those that usually occur with Stackelberg Equilibrium within the field of social sciences:

Table 18. Some real-life applications of Victoria-Nash Asymmetric Equilibrium and Stackelberg Equilibrium.
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Real life applications Victoria-Nash AE Stackelberg Equilibrium
Sociology Dominant social groups maintain ~ Governments or elites define policies
influence over time without having to and social classes react to the
explicitly force their status. measures.
Psychology Certain people have anatural charisma A certain leader imposes a certain
and mamntain a sustained influence. behavior and the followers react.
while others try to “train” and
replicate their charisma without the
SAIE SUCCEss.
Negotiations Large companies have an advantage in =~ Leading companies set prices or
mergers because they have more wages, and competitors and
experience and a lustory of success employees have to react.
and usually have a large structural
advantage.

3.6.8. Differences Between Victoria-Nash Asymmetric Equilibrium (VNAE) and Bayesian Equilib-
rium

The Victoria-Nash Asymmetric Equilibrium (VNAE) and the Bayesian Equilibrium differ funda-
mentally in the way they treat uncertainty and the strategic structure of the players. In Bayesian Equi-
librium, agents make rational decisions based on subjective beliefs about the state of the game and
the types of opponents, updating these beliefs as new information is observed, using the Bayesian
update rule. This equilibrium assumes that, as the game evolves, players adjust their strategies until
none of them can unilaterally improve their expected outcome, leading to a state of informationally
efficient equilibrium.

In contrast, VNAE proposes that, in stochastic games, part of the randomness may contain struc-
turable patterns that, added to other additional actions such as mathematical or physical operations
as well as any other ‘cognitive’ action, an agent can exploit systematically. This implies that a player
can maintain a sustained strategic advantage over time, creating an asymmetric equilibrium, where
at first, given scenario I, the optimization of opponents is not enough to completely neutralize this
advantage.

While Bayesian equilibrium assumes that uncertainty is inherent and ineliminable, VNAE sug-
gests that certain agents can structurally reduce uncertainty, shifting the equilibrium to a state that is
persistently favorable to a specific player. Thus, we can begin to see the existence of purely Bayesian
players and purely victorian players (those who use the function 7(X:) in their decision-making).

The concept behind the Predictable Random Component function, given the experience I have
had in the course of this study as well as drawing on the vast literature of colleagues over time, does
not seem absurd to me, but increasingly clear and intelligible as well as realistic within the context of
Decision Theory and Game Theory.

As can be seen in the section “Is it Possible to Beat the House?” many scientists and people driven
by curiosity in the field of mathematics and statistics have exploited patterns normally expected by
the law of large numbers and other types of convergence in probability to beat the house. In fact, in
this very study, through the Victoria formula, the PRC (Predictable Random Component) proved to be
a more strongly applicable example for positive mathematical expectation and systematic financial
gains in the long run.

In the case of this study, through Victoria, we note that the predictable random component (PRC) is
understood as convergence in probability, however, with the eventual advances in scientific and sta-
tistical thinking as well as new disruptive technologies such as those coming from quantum mechan-
ics, paradoxically, they can also lead us to deepen and better understand the true nature of random-
ness given a probability distribution and why certain numbers/events occur in ¢ period of time and n
place. As Poincaré (1908) and many other colleagues throughout history have pointed out, as human
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beings we consider as random everything in which we are unaware and/or which cannot be fully
quantified. But this scenario could be better explored, especially with new generations of academics.

In fact, we can observe a connection between the optimal strategy and the 1(X:) function in which
we could perhaps also classify it as simply part of the optimal strategy found by a player. However,
since we are taking as examples the very nature of randomness given a probability distribution, in
the case of this study the uniform distribution has been used, something inherently immutable, per-
haps we should propose a reflection in the sense of extending n(X:) or f(X:) as a basic function in
relation to the others that normally constitute a basic game in this field of study. Below, with the table
x, we will see more differences between these two theorizations.

Table 19. Differences between Asymmetric Victoria-Nash Equilibrium and Bayesian Equilibrium.

Approach Victoria-Nash AE Bavesian Equilibrinm
Uncertainty treatment It assumes that part of the true It assumes that uncertainty is totally
randomness contains predictable random and can only be modeled
patterns that can be exploited in the probabilistically.
long-term.
Updating Beliefs It uses patterns within randommness to It uses classic Bayesian updating to
adjust strategic decisions beyond the adjust beliefs based on new
Bayesian model. information.
Strategic advantage A player can gain a sustainable No plaver can maintain a permanent
advantage by exploiting the 5(X;) ~ advantage. as all players adjust their
function, convergence in probability beliefs and strategies.

and possibly in the near future through
hidden patterns in the true

randomness.

Equilibrium state Asymmetrical: one player can Mutually optimal: all players reach a

dominate the game indefinitely. point where no one can improve

umnilaterally.

Tvpe of game where applied Games with predictable stochastic  Games with pure uncertainty, where

elements and possible structurable the only information available is

pafterns. statistical and probabilistic.
Marthemarical Reasoning It depends on the # function and Based on classical probability theory
convergence in probability to and Bayesian updating.

guarantee strafegic advantage.

Resistance to Adaprtation by Other Even if the opponents adapt, the If all the players adjust their beliefs
Players dominant player can continue to correctly, no one can maintain an
exploit the patterns found. advantage indefinitely.

3.6.9. Differences Between Victoria-Nash Asymmetric Equilibrium and Nash Equilibrium

In this part of the study, we will analyze some fundamental differences between the Victoria-
Nash Asymmetric Equilibrium and Nash Equilibrium Differences, considering different approaches
from their definition to the critical point of these theorizations.

Table 20. Differences between Asymmetric Victoria-Nash Equilibrium and Nash Equilibrium.
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Approach

Victoria-Nash AE Nash Equilibrium

Definition

State of Equilibrium

Source of Strategic Advantage

Randomness in the Model

Impact on Information and
Uncertainty

Opponents’ adaptation

Critical Point of the Model

It assumes that part of the true
randommness confains predictable
patterns that can be exploited in the
long-term.

No player can unilaterally improve
their strategy by assuming that others
are playing optimally.

Asymmeitrical: one player can

Symmeirical or Asymmeirical: It
donmunate the game indefinitely.

depends on the game, but all players
reach a point where there is no
incentive to deviate.

Rational and optimal strategies as well Rational and optimal strategies given
as Exploration of structurable patterns  the actions of opponents. without
within randomness. allowing for more considering the predictability hidden

advantageous decisions in the long in randomness.
term.
It assumes that there are predictable It assumes that randomness is

structures within randomness thatcan  completely unpredictable. and that
be exploited for strategic advantage. players maximize expectations based
on fixed strategies.

Through the fonction §(X7)
(Predictable Random Component) it
allows a player fo structurally reduce

uncertainty by exploiting hidden
patterns.

It assumes that all players are subject
to the same uncertainty, with none
hawving a sustainable advantage.

Even if the opponents react, the player If the opponents adjust their strategies
who discovered the patterns can still correctly, the game stabilizes in a
have the advantage. “fair” balance. where no one has a
permanent advantage.

The existence of exploitable patterns  The Nash Theorem guarantees the
needs to be statistically validated, and existence of at least one Nash
may not be present in all games.  equilibrium in mixed strategies for any
finite game with a finite number of
players and strategies.

Below, also for better visualization purposes, a table is also used to demonstrate some examples
of possible real-life situations involving these two types of equilibrium.

Table 21. Differences between Asymmetric Victoria-Nash Equilibrium and Nash Equilibrium with real life ap-

plications examples.

Real life applications

Victoria-Nash AE Nash Equilibrium

Financial market example

betting as an example

Applicability in AT and Machine
Learning

A trader can exploit hidden patterns in

Traders adjust strategies as the
competition adapts, and advantages
disappear in the long term.

market fluctuations and maintain
constant profits.

A bettor can detect non-obvious No bettor can win consistently,
patterns in the odds variation and because the bookmaker adjusts the
maintain a sustained advantage using  odds to an equilibrium where, by the
the Victoria formula. law of large numbers, everyone loses

in the long-term.

Tt can be used in machine learning to
find hidden patterns and explore
predictability in dynamic systems.

Tt is mainly applied in AT to find
optimal strategies in static or dynamic
games.

As we can see from the tables in this section, the Victoria-Nash Asymmetrical Equilibrium
(VNAE) differs from the Nash Equilibrium by allowing a player to sustain a continuous strategic
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advantage by exploiting predictable patterns (i.e. convergences in probabilities) within the random-
ness of the game.

While the Nash Equilibrium assumes that all players adopt optimal strategies, leading to a point
where no one can unilaterally improve their position, the VNAE suggests that certain players can
find predictable structures in uncertainty, which allows them to make more advantageous decisions
in the long run. This ability to exploit hidden regularities makes the equilibrium asymmetrical, since
one agent can maintain a dominant position even if the others adjust (according to scenario I).

Unlike the traditional Nash model, which assumes a static scenario where strategies converge
to a point of mutual equilibrium, the VNAE proposes a dynamic equilibrium, where a player can
continue to make structural gains due to the continuous exploitation of patterns in true randomness
and/or with actions not completely mitigated by the other players. This challenges the idea that, in
the long term, all competitive advantages disappear as players adjust their strategies.

If Sportsbooks were to adopt extreme restrictions such as limiting the amounts wagered, limiting
bets on certain sports markets and even banning victorian players, the VNAE equilibrium would still
remain unchanged, since Sportsbooks are not only adjusting their strategies within the game, but
changing the external rules of the market, which also does not characterize a Nash Equilibrium, since
the original game is modified to prevent certain players from fully participating.

Thus, VNAE redefines the notion of equilibrium in Game Theory by including the possibility of
persistent advantages for certain players, which has direct implications for financial markets, cyber-
security, biological sciences, artificial intelligence and risk modeling in sports betting, for example.

3.6.10. Sportsbooks' Possible Defensive Reactions to the Victorian Players

As has been seen throughout this study, in the exchange version, regardless of which players
win or lose, the house always takes its share of the profit. However, in a scenario where players
against the house are considered to be relatively significant in the market, sportsbooks can probably
resort to some defensive measures, such as:

¢  Changing the way the odds are calculated by applying a higher vigorish to compensate for any
losses;

e  Offer less favorable odds than they normally do;

¢ Limiting or banning accounts that use advanced statistical strategies.

¢ Implementing new machine learning systems to detect victorian betting patterns.

As we can see, there are indeed some possibilities for sportsbooks to minimize this scenario of
an asymmetrical advantage for certain groups of bettors. However, they will probably have to carry
out a rigorous study to assess the costs and benefits of adopting measures such as increasing the
vigorish as well as offering odds that are less realistic than those that could occur in sporting events.
As Bontis (1996) points out and Isnard (2021) corroborates, organizations, in this case sportsbooks,
need not only to have large volumes of data, but also good knowledge management, intellectual cap-
ital and available technology.

This defensive practice, if overdone, can make the task of “retaining” customers even more dif-
ficult, as well as attracting more when you have odds that may reflect reality very poorly and/or when
you have a popularized slogan that the bookmaker bans bettors from certain markets or even from
the platform. Such measures can discourage current customers as well as driving away potential new
ones. The question that remains is to deliberately seek a point of equilibrium in which the bookmaker
can still maintain its activities and, at the same time, not make players feel that they have been “prob-
abilistically robbed” .

Sportsbooks, on the other hand, in order to expand into other territories and regulate the market,
could delve into the internationalization processes of firms that address the importance of relation-
ship and knowledge management processes, in addition to knowledge of the market itself, as pointed
out by Barbosa et al (2014). Furthermore, Sportbooks may be arguing that statistics can also beat them,
as presented in the literature discussed above, as well as in this study.
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4. Results and Discussions

4.1. While Our Dice Gently Weeps

Well, it took a little over ten months from the development of Victoria's theorizing and practical
application to the publication of this paper. So, during all that time, I've got a one track mind and I
can say I was on a diet of tables and dice.

Due to its recency, the author, despite having carried out more than 3 million calculations man-
ually, did not focus on making much progress in the search for the parameters ¢, k and j considered
"singularity point", that is, whose final results will always be positive, indicating profits 100% of the
time within the 100 FVs (Future Values), but on raising the possibility, first of all, of which sets of
parameters @, k and j in this study presented (see Table 10) could at least fall into the categories of
presenting probabilistically assured profitability at least 80%, 85%, 90% and 95% of the time within a
sequence of 100 Fvs.

As a way of demonstrating this theorizing, we will analyse two different configurations, the first
containing the following ¢ = 1.02; j =2, and k = 50. In the second configuration we will analyze the ¢
=1.04;j=3, and k=33.

The following is a reminder of Victoria's formulation:

IB=[(So @ *~So) il —SoCi

FV, =_Z;ﬁi -~ _leci

where,

@ = odd / probability of success of the event k = Time Period

So = Initial Value (fixed value used for each independent event)

Bi = "Success” blocks. That is, the cost/benefit ratio compared to the investment in each stake in each n
game is positive and there is some profit.

Ci = "Failure” blocks. That is, the cost/benefit ratio compared to the investment in each stake iin each n
game is negative and there is some loss.

4.1.1. Analysis of the Results for the Configuration ¢ =1.02;j=2and k=50

We will begin by analyzing the first configuration and, in order to better visualize the results,
we have considered a sequence of tables that continue a sequence of Intermediate Blocks (IB) that
theoretically make up a complete Future Value (FV).

As we can see in the supplementary material, in FV9 we have 100 intermediate blocks (IB), each
with 2 Small Blocks (ji), each with 50 independent events (k), which results in 100 independent events
“available to play” in each intermediate block (IB). Throughout this study, random numbers between
1 and 10,000 were drawn from sources such as Random.Org, GIGACalcultator and ANU QRNG, in
order to ensure reliability in the results as well as eliminate possible biases and conflicts of interest,
since the author of this study has also developed a PRNG algorithm. Furthermore, in order to provide
better graphic visualization of this study, the stats.blue platform was considered, as well as standard
data visualization using the R language.

We can classify a Small Block (j») as successful (B) if in the sequence of 50 numbers generated
(understood as 50 independent events occurring) all the numbers are equal to or greater than 197.
Similarly, if there are numbers equal to or less than 196 in the middle of the sequence, we say that we
have a Small Failure Block (Ci), meaning that a bettor has lost a bet along the way.

When we put it into the formula, we get -$20, $6.92, and $33.83 as the final net results correspond-
ing to 0, 1 and 2 Small Success Blocks (), respectively.

It can be seen from Tables 22-25 and Figure 21 that there are periods of volatility, however, there
is a trend of continuous growth indicating positive results in the long term, although in each Inter-
mediate Block (/B) in which, according to a standard configuration, we would theoretically expect
‘only’ n =100 games bet, in practice we can expect this and other potential configurations to convert
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between 48 and 70 games (or k independent events). With this configuration with ¢ =1.02; j=2 and
k=>50, for example, we can expect an oscillation up or down of an average of 6,500 games for each FV.

Table 22. Analysis of the FV96 with the parameters ¢ =1.02;j=2 and k=50 Part .

FVos 0/2 $0.00 B/C
IB1 1 $6.92 B
IB2 1 $6.92 B
IB3 1 $6.92 B
IB4 1 $6.92 B
IB5 1 $6.92 B
IB6 0 -$20.00 C
IB7 2 $33.83 B
IB8 0 -$20.00 C
IB9 1 $6.92 B
IB10 1 $6.92 B
1B11 1 $6.92 B
1B12 1 $6.92 B
IB13 0 -$20.00 C
IB14 0 -$20.00 C
IB15 1 $6.92 B
1B16 1 $6.92 B
IB17 0 -$20.00 C
IB18 0 -$20.00 C
1B19 1 $6.92 B
1B20 1 $6.92 B
1B21 1 $6.92 B
1B22 1 $6.92 B
1B23 1 $6.92 B
1B24 1 $6.92 B
1B25 1 $6.92 B
r $38.39

In the first 25 Intermediate Blocks, we noticed a modest positive result of $38.39, which is ex-
plained by the natural fluctuations in this market involving true randomness. This phenomenon of
volatility tending towards an unimpressive profit and/or negative result can occur one or more times
at any point from the beginning of the Intermediate Blocks, halfway through and at the end of each
Future Value (FV). Drawing an analogy with aviation field, we can consider these scenarios as periods
of “positive turbulence”, that is, despite the inconstancies in the series there is a tendency for the result
to remain positive.

Table 23 shows a very satisfactory result for another group of 25 Intermediate Blocks. We can call
this phenomenon of consistently positive sequences a “safe flight”.

Table 23. Analysis of the FV96 with the parameters ¢ =1.02; j =2 and k = 50 Part II.

FVs 0/2 $0.00 B/C
IB26 1 $6.92 B
1B27 1 $6.92 B
IB28 0 -$20.00 C
1B29 1 $6.92 B
IB30 0 -$20.00 C
IB31 1 $6.92 B


https://doi.org/10.20944/preprints202504.1788.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 April 2025 d0i:10.20944/preprints202504.1788.v1

91 of 129

IB32 0 -$20.00 C
B33 2 $33.83 B
IB34 0 -$20.00 C
IB35 1 $6.92 B
IB36 2 $33.83 B
IB37 2 $33.83 B
IB38 1 $6.92 B
IB39 2 $33.83 B
1B40 1 $6.92 B
IB41 0 -$20.00 C
IB42 2 $33.83 B
IB43 1 $6.92 B
IB44 1 $6.92 B
IB45 1 $6.92 B
IB46 1 $6.92 B
IB47 1 $6.92 B
IB48 0 -$20.00 C
1B49 1 $6.92 B
IB50 1 $6.92 B
L $146.03

Table 24 shows a negative result of $69.29 for this group of Intermediate Blocks. As mentioned
above, this is a natural and normal occurrence when dealing with random phenomena.

Table 24. Analysis of the FV96 with the parameters ¢ =1.02;j =2 and k =50 Part III.

FVos 0/2 P/L B/¢C
IB51 1 $6.92 B
IB52 1 $6.92 B
IB53 1 $6.92 B
IB54 1 $6.92 B
IB55 1 $6.92 B
IB56 1 $6.92 B
IB57 0 -$20.00 C
IB58 0 -$20.00 C
IB59 0 -$20.00 C
IB60 0 -$20.00 C
1B61 1 $6.92 B
1B62 2 $33.83 B
1B63 0 -$20.00 C
IB64 1 $6.92 B
IB65 0 -$20.00 C
IB66 1 $6.92 B
IB67 1 $6.92 B
1B68 1 $6.92 B
1B69 1 $6.92 B
1B70 1 $6.92 B
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IB71 0 -$20.00 c

IB72 0 -$20.00 C

IB73 1 $6.92 B

IB74 0 -$20.00 C

IB75 0 -$20.00 C
L -$69.29

In scenarios similar to these, we can classify them as “altitude loss” flights, showing a tendency
for negative results in certain parts of the journey.

Again, Table 25 shows a negative result for another group of 25 IBs, this time of $15.48, which
we can classify as a period of “negative turbulence”, that is, periods of instability in the historical series
indicating a slightly negative result, usually oscillating close to zero.

Table 25. Analysis of the FV96 with the parameters ¢ =1.02;j =2 and k =50 Part IV.

FVss 0/2 P/L B/C
IB76 0 -$20.00 C
IB77 1 $6.92 B
IB78 2 $33.83 B
1B79 1 $6.92 B
IB30 1 $6.92 B
1B81 0 -$20.00 C
1B82 1 $6.92 B
IB83 1 $6.92 B
IB84 2 $33.83 B
B85 0 -$20.00 C
IB86 0 -$20.00 C
1B87 1 $6.92 B
IB88 1 $6.92 B
IB89 2 $33.83 B
1B90 0 -$20.00 C
1B91 0 -$20.00 C
IB92 0 -$20.00 C
1B93 1 $6.92 B
1B94 1 $6.92 B
1B95 1 $6.92 B
IB96 0 -$20.00 C
1B97 0 -$20.00 C
1B98 0 -$20.00 C
1B99 2 $33.83 B
IB100 0 -$20.00 C

z -$15.48
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As we can see from both the tables and Figure 21, despite all the oscillations along the way, we
had a positive result of $99.65, indicating a profit over a Future Value (FV). The results of the FV%
simulation can be accessed through the supplementary material in this study.

Since we are dealing with true randomness and convergences in probability, the popular expres-
sion “what goes around, comes around” becomes valid in this context, since if certain numbers belonging
to positive results have come out it is (usually more than expected) likely that at certain times through-
out each Small Block (j») or in several Intermediate Blocks there will also be a sequence of values with
‘neutral’ and negative results. As we can see, this behavior, governed by the orchestra of the law of
large numbers, balances the scales at some point to ensure that the final results converge on certain
expected points given an expected range and its respective margin of error. Despite its controversial
relationship with parts of the gambler's fallacy, ignoring this fact is like saying that a bird doesn't
have wings and/or a lion is vegetarian by nature.

As will be discussed further below, we will see that this result was a poor one compared to other
various FV scenarios. However, since - the objective in Victoria is not to maximize profits but to guarantee
a mathematical formulation that always tends to present a positive result in the long run - we can say that the
mission was well completed. If we assume that a bettor called Bob played 5700 games throughout
this series of Small Blocks, Intermediate Blocks (IBs) to complete a FV, we can say that each bet re-
sulted in approximately $0.0175 cents considering that each stake was $10.

Accumulated Profit or Loss

200
1

PiL
150

100

50

L] 20 40 60 B0 100

Sequence
Figure 21. Graphical analysis of profit or loss of FV96 with parameters ¢ =1.02;j=2 and k = 50.

As we can see from the following tables, when we simulated 100 FVs we had 98 with positive
results and only 2 with negative results (FV3s and FVs2), which gave us a final positive result of
$32,503.02. In fact, along this long trajectory we also had other significant results which we could con-
sider a warning sign. This signal, which we can call the “Yellow Zone”, could come from those FVs
containing a negligible profit approaching zero and tending in a negative direction. In this case, the
user is advised to consider some reference value considered “minimum” to have as a reference and
possibly even consider it within the group of expected negative results.

As an example of a maximum reference value for a FV result not to be considered within the
yellow zone, in this case study we could consider the following formula:

YZ =[(So @ * So) Bil

We could, for example, with these settings of ¢ =1.02, k =50 and j = 2, use 4 Small Success Blocks
as a reference, which would total $67.66, that is, all values equal to or less than this throughout each
FV could be classified as belonging to the yellow zone. Note that the information on the odd value and
the number of independent k events will remain the same, with the only need to define the number
of Small Success Blocks to be multiplied. This point, so far in this study, is a subjective choice. Perhaps
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with more data and progress in this direction we can arrive at a common value for defining the so-
called “Yellow Zones” .

From this analysis and from all the literature we've looked at so far, especially with regard to
convergence in probability and the Law of Large Numbers, we can infer that the parameters ¢ =1.02,
k=50 and j =2 when we consider the yellow zones (some of which do in fact tend to be negative) will
tend to converge up to a maximum upper limit of 5 or 6 negative results out of 100 FV, thus making
part of the parameters belonging to the class x greater than or equal to 94% or 95%, for example.

It is believed that with a further series of simulations of 100 groups containing 100 FVs each and
applying bootstrapping, the results will be satisfactory enough to identify which classes these config-
urations actually belong to. The true value of the class of configurations is the subject of further stud-
ies. The aim here is to demonstrate that it is possible to mathematically obtain long-term profits under
certain configurations and conditions.

It is important to note that in each Future Value (FV) we can normally expect between 4800 and
7000 games, and this variation is due both to the different configurations chosen by the player in terms
of ¢, j and k and to the random fluctuations expected along the way. With this first configuration
with ¢ =1.02, j =3 and k = 33, it sounds reasonable to expect between 6,500 games with some varia-
tions for more or less.

As can be seen in the table below, in a simulation analyzing the first 25 hypothetical Future
Values (FVs), no FV was found with a negative result and not even one FV belonging to the so-called
Yellow Zone. To begin with, we had FVi and FV:with very expressive results, recording a net profit of
$826.33, and $799.25, respectively. Furthermore, in both cases the bettor only had to have $20, which
is the amount needed to cover just one Intermediate Block (IB) with two Small Blocks (ju), considering
that $10 was used for each stake.

The FVis was another very fruitful period since with a modest bankroll of $20 the hypothetical
bettor managed to make $537.57 net profit over the entire FV sequence, resulting in a 2587.85% Return
on Investment (ROI).

Table 26. Analysis of 100 FVs with parameters ¢ = 1.02; j=2 and k =50 Part I

FV. 0/2 1/2 2/2 B /100 P/L Bankroll ROI
Fvi 27 51 22 78/100 $826.33 $20.00 4031.65%
FV2 27 50 23 77/100 $799.25 $20.00 3896.25%
FV3 31 49 20 69/100 $395.68 $67.47 486.45
FV4 25 50 25 75/100 $691.75 $111.67 519.46%
FV5 33 49 18 67/100 $288.02 $20.00 1340.10%
Fve 31 46 23 69/100 $476.41 $20.00 2282.05%
Fv7 32 47 21 68/100 $395.67 $211.72 86.88%
Fvs 27 55 18 73/100 $449.54 $73.08 515.13%
Fvg 28 57 15 72/100 $341.89 $20.00 1609.45%
FV10 34 47 19 66/100 $288.01 $100.89 135.50%
Fvii 30 50 20 70/100 $422.60 $214.50 34.27%
FV12 31 53 16 69/100 $288.04 $53.08 696.16%
FV13 36 47 17 64/100 $180.35 $116.24 55.15%
FVi4 35 46 19 65/100 $261.09 $61.65 323.50%
FVi5 28 49 23 72/100 $537.57 $20.00 2587.85%
FVie 32 47 21 68/100 $395.67 $112.66 251.21%
Fviz 33 53 14 67/100 $180.38 $39.24 359.68%
FV18 36 44 20 64/100 $261.04 $20.00 1205.40%
FV19 31 50 19 69/100 $368.77 $110.06 235.06%
FV20 38 47 15 62/100 $72.69 $115.61 -37.12%*
FVv21 29 55 16 71/100 $341.88 $20.00 1609.40%
FV22 33 52 15 67/100 $207.29 $130.83 58.44%
FV23 28 54 18 72/100 $422.60 $20.00 2013.10%
FVv24 27 51 22 73/100 $557.18 $40.00 1292.95%
FV25 33 46 21 67/100 $368.75 $105.41 249.82%

z - - - - $9,818.45 - -
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In FV20, we observed an interesting fact: a hypothetical bettor needed to have at least $115.61 in
his bankroll to avoid negative results and not need to put in more money until he reached a 'safe flight'
moment, i.e. a sequence of constant profits that would allow him to continue using only the accumu-
lated profits.

Despite showing a negative ROI of 37.12%* in FV2g, the bettor ended the period with a positive
balance of $72.69, due to the adjustment in the progressive use of capital (reinvesting only part of the
accumulated profits). Note that, although it may seem contradictory, this means that the bettor man-
aged to maintain his initial bankroll, but did not make a proportionally greater profit in relation to
the total amount allocated for betting.

It should be clear and understandable that the ROI analyzed here is not about the investment,
but about the monetary value that has been set aside for the exclusive purpose of handling bets. Since
we also know that every bet that wins returns the amount “invested” to the bettor, the “investment”
in this context is not money that the bettor will never see again, as he is still in control of his bankroll.
Therefore, any final result with a profit but a negative ROI should be interpreted in this way through-
out this study.

Table 27. Analysis of 100 FVs with parameters ¢ =1.02; j =2 and k =50 Part IL.

FV 0/2 1/2 2/2 B/100 P/L Bankroll ROI
FV26 34 48 18 66/100 $261.10 $75.34  246.56%
FVv27 34 44 22 66/100 $368.74 $45.42 711.85%
FV28 36 45 19 64/100 $303.37  $119.26  154.38%
FV29 37 43 20 63/100 $34.16 $20.00  70.80%
FV30 31 49 20 69/100 $395.68 $97.75  304.79%
FV31 33 52 15 67/100 $207.29 $20.00  936.45%
FV32 37 46 17 63/100 $153.43 $122.00 25.76%
FV33 35 49 16 65/100 $180.36  $163.91  10.04%
FV34 26 56 18 74/100 $476.46 $20.00 2282.30%
FV35 33 46 21 67/100 $368.75 $20.00 1743.75%
FV36 33 47 20 67/100 $341.84 $26.17  1206.23%
FV37 37 45 18 63/100 $180.34 $46.93  284.27%
FV38 38 50 12 62/100 -$8.04 $217.83  -103.69%
FV39 37 45 18 63/100 $180.37 $122.18  47.63%
FV40 33 55 12 67/100 $126.58 $123.88 2.18%
FV41 32 48 20 68/100 $368.76 $20.00  1743.80%
FV42 28 53 19 62/100 $449.53 $20.00 2147.65%
FV43 28 54 18 62/100 $422.62 $25.42  1562.55%
FV44 26 52 22 74/100 $584.13 $20.00  2820.65%
FV45 32 49 19 68/100 $341.85 $83.91  307.40%
FV4e 33 51 16 67/100 $234.20 $98.50 137.77%
FV47 30 51 19 70/100 $395.69 $53.08  645.46%
FV48 36 45 19 64/100 $234.17 $51.59  353.91%
FV49 37 46 17 63/100 $153.43 $86.17  78.06%
FV50 30 55 15 70/100 $288.05 $40.00  288.05%

ba - - - - $7,042.86 - -

As for the Return on Investment (ROI) metric applied in an adapted way to the betting scenario
in this study, in the case of FVss, as we had a final result indicating a loss of -$8.04, we also had a
negative ROI of -103.69%. FVs, as we'll see later with FVs2, were the two FVs which showed negative
final results as well as negative ROI (even in the original ROI formulation).
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We should note that we can usually expect relatively 'low' losses in a financial sense if we com-
pare it to people who play addictively, always putting in more money and losing all the time. In FVs,
for example, the final loss was equivalent to a single bet of $10 which, by default, in this hypothetical
example, the bettors used as the value for each stake. On the other hand, in FVs2 we had a loss equiv-
alent to the value of 6 stakes.

We can conclude that in negative scenarios such as these, the biggest loss for the player is proba-
bly not so much financial as time, since in each FV by default in the proposed formulation you theo-
retically expect to bet on 10,000 events and in practice between 4,800 and 7,000 games depending on
the chosen configurations of ¢, j and k. Tables 28 and 29 follow with the further analysis of the results
of the remaining 50 FVs.

Table 28. Analysis of 100 FVs with parameters ¢ =1.02; j=2 and k =50 Part III.

FVa 0/2 1/2 2/2 B /100 P/L Bankroll ROI
FV51 29 59 12 71/100 $23424  $185.88  26.02%
FV52 29 53 18 71/100 $395.70  $20.00  1878.50%
FV53 28 52 20 72/100 $476.44  $40.00  1091.10%
FV54 34 52 18 70/100 $288.78  $86.17  235.13%
FVs5 30 50 20 70/100 $422.60  $35.00  422.60%
FVs6 34 52 14 66/100 $153.46  $143.14 7.21%
FVs7 27 57 16 73/100 $395.72  $40.00  889.30%
FV58 30 55 15 70/100 $288.05  $20.00  1340.25%
FV59 30 59 11 70/100 $180.41 $40.00  351.03%
FV60 27 59 14 73/100 $341.90  $20.00  1609.50%
FVe1 33 46 21 67/100 $368.75  $20.00  1743.75%
FV62 41 47 12 59/100 -$88.80  $108.80  -181.56%
FVe3 29 47 24 71/100 $557.16  $33.08  1584.28%
FVe4 32 54 14 68/100 $207.30  $20.00  936.50%
FVe5 32 54 14 68/100 $207.30  $9848  110.50%
FVe6 33 44 23 67/100 $42257  $33.08  1177.42%
FVe7 34 46 20 66/100 $314.92 $26.92  1069.84%
FVe8 28 48 24 72/100 $584.08  $20.00  2820.40%
FV69 37 47 16 63/100 $12652  $113.08  11.89%
FV70 29 56 15 71/100 $314.97  $40.76  672.74%
FV71 38 44 18 62/100 $153.42  $6541  134.55%
FV72 35 46 19 65/100 $261.09  $212.32  22.97%
FV73 30 54 16 70/100 $314.96  $20.00  1474.80%
FV74 21 54 25 79/100 $799.43  $26.92  2869.65%
FV75 38 49 13 62/100 $18.87 $80.00  -76.41%
E - - - - $7,739.84 - -

Table 29. Analysis of 100 FVs with parameters ¢ =1.02;j=2 and k =50 Part IV.

FVy 0/2 1/2 2/2 B /100 P/L Bankroll ROI
FV76 29 58 13 71/100 $261.15 $73.84  253.67%
Fvz77 27 44 29 73/100 $745.55 $20.00  1729.12%
FV7s 32 47 21 68/100 $397.67  $10541 277.26%
Fv79 29 48 23 71/100 $530.25 $20.00  2555.25%
FVso 35 45 20 65/100 $288.00 $79.25  263.41%
FVs1 28 53 19 72/100 $449.53 $20.00 2147.65%
FVs2 28 50 22 72/100 $530.26 $20.00  2551.30%
FVs3 31 46 23 69/100 $476.41 $59.24  70420.00%
FVs4 33 50 17 67/100 $261.11 $40.00 55278.00%
FV85 27 58 15 73/100 $368.81 $20.00  1744.05%
FVse 39 45 16 61/100 $72.68 $150.07  -51.57%
FVvs7 30 54 16 70/100 $314.96 $80.00  1474.80%

FVss 31 51 18 69/100 $341.86 $53.08  544.05%
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FV89 30 53 17 70/100 $341.87  $100.00  241.87%
FVao 41 42 17 59/100 $45.75 $147.81  -69.05%
FVo1 30 58 12 70/100 $207.32 $20.00  936.60%
FV92 36 52 12 64/100 $45.80 $84.13  -45.56%
FVa3 42 39 19 58/100 $72.65 $113.08  -35.75%
FVo4 37 42 21 63/100 $261.07 $20.00  1205.35%
FVo5 25 56 19 75/100 $529.69 $40.00  1224.23%
FVo6 33 56 11 67/100 $99.64 $30.15  230.51%
FV97 29 51 20 71/100 $449.52 $67.02  525.96%
FV98 30 57 13 70/100 $23423  $110.82 111.36%
FV99 31 53 16 69/100 $288.04 $20.00  1340.20%
FV100 30 55 15 70/100 $288.05 $59.24  386.24%

b2 - - - - $7,901.87 - -

After analyzing all 100 FVs, we can see that we have made a total profit of $32,503.02.

Of course, in practice we can estimate that between 480,000 and 700,000 games need to be played,
which makes it basically impractical in a human lifetime for the method to pass through several gen-
erations. However, the aim of this simulation is to analyze how many negative FVs we can obtain
and, with this, through convergence in probabilities we can find the maximum limit of FVs with
negative results as well as establish an average of negative FVs for each configuration of ¢, j and k.

As this is a seminal study, the author does not yet have more solid and statistically proven values,
but in the case of the configurations analyzed here, it is expected that due to random

fluctuations, the maximum limit of negative FVs will be between 5 or 6 for any simulation of 100
FVs. In this sense, if this additional hypothesis of this study were to come true, which can also be seen
as a conjecture, we could perhaps consider the category of 94% or 95% of FVs with positive results.

We can say that if a victorian bettor decides to put this methodology into practice using these
configurations ¢ = 1.02; j = 2; and k =50 and, ¢ = 1.04; j = 3; and k = 33 (this configuration will be
covered in the next topic), he can expect in principle, from the results found so far by the author, in
the worst case scenario to have a 94% or 95% chance of having some positive result over the course
of a complete FV just using the formula proposed by Victoria without considering any margins of ad-
vantage for the bettor against the house, just that the odds offered are “fair”. Additionally, considering
the average number of negative FVs - the most likely scenario to occur - the bettor can expect to have
approximately 97% to 97.5% chances of a guaranteed positive result over the course of a full FV.

Based on the results, if we consider that a bettor called Bob used the following configuration ¢
=1.02;j=2; and k =50 and played an average of 6,500 games to complete a FV, since we obtained an
average of $325.03 profit on each FV, Bob can expect to make approximately $ 0.05 cents profit on
each betting ticket.

4.1.1.1. P/L Considering the Configuration ¢ =1.02, k=50 and j =2
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Figure 22. Graphical analysis of the expected mean Profit and Loss Scenario after 100 Future Values (FVs) con-
sidering the parameters ¢ =1.02k =50 and j = 2.
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Table 30. Analysis of the expected mean Profit and Loss scenario after 100 Future Values (FVs) considering the

parameters ¢ =1.02k =50 and j=2.

Expected mean profit and loss

Sample size 100
Sample mean 325.03
Median 31496
Standard Deviation 17429
Shapiro-Wilk (p-value) 0.05
Bootstrap IC (95%) (293 89 361.66)

By analyzing the overall results of profit or loss in the 100 Future Values (FVs), we can see that
when we apply the Bootstrap Confidence Interval considering a 95% level of reliability, we can expect
the value of the true population mean to be between $293.89 and $361.66, that is, indicating a range
of expected profitability values for the bettor. As we can see in Figure 21, in this case we can expect a
behavior tending towards normal distribution from the values presented in the Shapiro-Wilk test.

4.1.1.2. Bankroll Considering the Configuration ¢ =1.02, k=50 and j=2
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Figure 22. Graphical analysis of the expected mean bankroll scenario after 100 Future Values (FVs) considering

the parameters ¢ =1.02 k =50 and j = 2.

Table 31. Analysis of the expected mean bankroll scenario after 100 Future Values (FVs) considering the param-
eters p=1.02k =50 and j=2.

Expected mean Bankroll result

Sample size 100
Sample mean 66.95
Median 4926
Standard Deviation 17429
Shapiro-Wilk (p-value) 7.383e-0

Bootstrap IC (93%) (37.19. 77.31)

With regard to the analysis from the point of view of the amount of average financial value
expected for a bettor to have in his bankroll in such a way that it is possible to cover all possible
periods of volatility and remain in the game until the end of the intermediate blocks and their respec-
tive small blocks.

We can see in Figure 22 that the amounts available for the player's bankroll follow an asymmet-
rical distribution to the right, i.e. it is more likely that when we simulate 100 next “Future Values”
(FVs), the bettor will only need to have, in the hypothetical example considering the initial parameters,
an initial bankroll of just $20, which is enough to cover 2 small blocks jn with a positive final result
until the bettor already has enough resources to follow all the sequences of small blocks within all
Intermediate Blocks. In this example, a bankroll of just $20 would be enough for 31 scenarios out of
100 analyzed.
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We can say that, when analyzed from the point of view of the average obtained after 10,000
simulations using the Bootstrap method, we can expect with 95% confidence that the true population
average is between $57.19 and $77.31, which could therefore be an interesting starting point for a
bettor to keep in mind the amount of money needed - considering that each stake is $10 - so that
Victoria can be employed throughout the trajectory and survive the effects of the expected natural

volatility.
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4.1.1.3. ROI Considering the Configuration ¢ =1.02, k=50 and j=2
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Figure 23. Graphical analysis of the expected mean ROI scenario after 100 Future Values (FVs) considering the
parameters ¢ =1.02k =50 and j = 2.

Table 32. Analysis of the expected mean ROI scenario after 100 Future Values (FVs) considering the parameters
@=102k=50and j=2

Expected mean ROI result

Sample size 100
Sample mean 866.81
Median 517.3
Standard Deviation 929.99
Shapiro-Wilk (p-value) 4.632e-8
Bootstrap IC (95%) (693.43. 1054.09)

In this scenario, we evaluated the Return on Investment (ROI), i.e. by analyzing the final profit
or loss for the sum of all the amounts invested along the way needed to cover all the periods of vol-
atility up to the established time period. In this sense, over the course of “100 Future Values” the
graphical analysis as a result found a pattern of behavior that does not follow a normal distribution
and, we can say that we are 95% confident that the true population mean lies somewhere between
693.425% and 1054.091% of Return on Investment.

41.14. 0/2 Considering the Configuration ¢ =1.02, k=50 and j =2

128 —— i
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Sample Data Boofstrap Means p*

Figure 24. Graphical analysis of the small blocks scenario Jn = 0 expected mean after 100 Future Values (FVs)
considering the parameters ¢ =1.02 k =50 and j = 2.
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Table 33. Analysis of the small blocks scenario Jn = 0 expected mean after 100 Future Values (FVs) considering

the parameters ¢ =1.01 k=50 and j = 2.

Result of small blocks J, = 0 expected mean

Sample size 100
Sample mean 31.83
Median 315
Standard Deviation 395
Shapiro-Wilk (p-value) 0.1616
Bootstrap IC (95%) (31.05, 32.61)

With regard to the number of Small Blocks (jn) containing 0 positive results, that is, with 0 suc-
cessful small blocks, after analyzing 100 Intermediate Blocks (IBs) we are 95% confident that the true
population mean lies somewhere between 31.05 and 32.61 Intermediate blocks containing values
equal to 0. It is as if we entered this game knowing that as n goes to infinity, the values of 0 present
in Intermediate Blocks (out of a total of 2 possible small blocks) will converge to approximately 32%.

4.1.1.5. 1/2 Considering the Configuration ¢ =1.02, k=50 and j =2
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Figure 25. Graphical analysis of the small blocks scenario Jn = 1 expected mean after 100 Future Values (FVs)
considering the parameters ¢ =1.02 k =50 and j = 2.

Table 34. Analysis of the small blocks scenario Jn =1 expected mean after 100 Future Values (FVs) considering

the parameters ¢ =1.02 k =50 and j = 2.

Result of small blocks J,= I expected mean

Sample size 100
Sample mean 50.14
Median 50
Standard Deviation 445
Shapiro-Wilk (P-value) 0.09579
Bootstrap IC (95%) (49.28.51)

With regard to the number of Small Blocks (j») containing 1 positive result, that is, with 1 success-
ful small block, after analyzing 100 Intermediate Blocks (IBs) we are 95% confident that the true pop-
ulation mean lies somewhere between 49.28 and 51 Intermediate blocks containing values equal to 1.
It is as if we entered this game knowing that as n goes to infinity, the values of 1 small block of success
(out of a total of 2 possible small blocks) present in Intermediate Blocks will converge to approxi-
mately 50%.

41.1.6. 2/2 Considering the Configuration ¢ =1.02, k =50 and j =2
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Figure 26. Graphical analysis of the small blocks scenario Jn =2 expected mean after 100 Future Values (FVs)
considering the parameters ¢ =1.02 k =50 and j = 2.

Table 35. Analysis of the small blocks scenario Jn =2 expected mean after 100 Future Values (FVs) considering

the parameters ¢ =1.02 k =50 and j = 2.

Result of small blocks J, = 2 expected mean

Sample size 100
Sample mean 18.07
Median 18
Standard Deviation 352
Shapiro-Wilk (P-value) 0.1404
Bootstrap IC (95%) (17.39 18.77)

With regard to the number of small blocks containing 2 positive results, that is, with 2 small
blocks of successes, after analyzing 100 Intermediate Blocks (IBs) we are 95% confident that the true
population mean lies somewhere between 17.39 and 18.77 Intermediate Blocks containing values
equal to 2. It is as if we went into this game knowing that as n goes to infinity the values of the 2 small
blocks of success (out of a total of 2 possible small blocks) present in Intermediate Blocks will con-
verge to approximately 18%.

4.1.2. Analysis of the Results for the Configuration ¢ =1.04;j=3 and k=233

With this configuration, we theoretically expect to have 99 games (7*k), which in practice means
we can expect somewhere between 48 and 70 games (or k independent events) to be bet on in each
Intermediate Block (IB). With this configuration with ¢ =1.04; j = 3 and k = 33, for example, we can
expect an oscillation up or down of an average of 5,900 games for each FV.

Again, throughout this study, random numbers between 1 and 1,000 were drawn from sources
such as Random.Org, GIGACalcultator, and ANU QRNG. Furthermore, again, in order to provide
better graphic visualization of this study, the stats.blue platform was considered, as well as standard
data visualization using the R language. This time, we can classify a Small Block (jx) as successful ()
if in the sequence of 33 numbers generated (understood as 33 independent events occurring) all the
numbers are equal to or greater than 40. Similarly, if there are numbers equal to or less than 39 in the
middle of the sequence, we say that we have a Small Failure Block (Ci), meaning that a bettor has lost
a bet along the way.

Again, the following is a reminder of Victoria's formulation:

IB=[(So @ *— So) Bi] —So Ci

Fvn=zljﬁi -~ _leci

where,

@ = odd / probability of success of the event k = Time Period

So = Initial Value (fixed value used for each independent event)

Bi = "Success” blocks. That is, the cost/benefit ratio compared to the investment in each stake in each n
game is positive and there is some profit.
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Ci = "Failure” blocks. That is, the cost/benefit ratio compared to the investment in each stake iin each n
game is negative and there is some l0ss.

If we consider a fixed stake of $10 for each k independent events, when we put it into Victoria's
formulation we will see that if we have no successful blocks among the three possible Small Blocks
(jn) of each IB, we will therefore have a loss of -$30. If we have one successful Small Block (8) and two
unsuccessful ones (C), the net result will be a modest but important profit of $6.48.

Considering a scenario in which we have 2 Small Blocks of success and only 1 of failure, we can
expect a positive net return of $42.97. Although it happens less often than other combinations, if we
have 3 Small Blocks of success () and none of failure (C), in just one IB, the bettor can expect a positive
net result of $79.45.

Through Tables 36-39, Figure 27 and as the FVis simulation can also be consulted in the supple-
mentary material for this study, we can see that only a $20 bankroll was needed, which in this exam-
ple corresponds to just two stakes for the bettor to make constant profits by simply 'reinvesting' the
profit for new bets and generating even more profit.

Table 36. Analysis of the FV43 with the parameters ¢ =1.04;j=3 and k =33 Part L

FVs 0/3 P/L p/C
IB1 1 $6.48 B
B2 2 $42.97 B
IB3 1 $6.48 B
IB4 2 $42.97 B
IB5 1 $6.48 B
IB6 0 -$30.00 C
IB7 3 $79.45 B
IB8 1 $6.48 B
IB9 2 $42.97 B
IB10 0 -$30.00 C
IB11 2 $42.97 B
IB12 1 $6.48 B
IB13 0 -$30.00 C
IB14 0 -$30.00 C
IB15 1 $6.48 B
IB16 1 $6.48 B
IB17 2 $42.97 B
IB18 2 $42.97 B
IB19 2 $42.97 B
1B20 0 -$30.00 C
IB21 1 $6.48 B
IB22 2 $42.97 B
1B23 1 $6.48 B
IB24 2 $42.97 B
IB25 1 $6.48 B
L $380.98

Table 37. Analysis of the FV43 with the parameters ¢ =1.04;j=3 and k =33 Part IL
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FVa 0/3 P/L B/C
1B26 2 $42.97 B
1B27 0 -$30.00 C
IB28 1 $6.48 B
IB29 0 -$30.00 C
IB30 1 $6.48 B
1B31 2 $42.97 B
1B32 1 $6.48 B
B33 2 $42.97 B
1B34 1 $6.48 B
B35 2 $42.97 B
IB36 0 -$30.00 C
1B37 1 $6.48 B
IB38 1 $6.48 B
1B39 2 $42.97 B
1B40 1 $6.48 B
1B41 2 $42.97 B
1B42 2 $42.97 B
IB43 0 -$30.00 C
IB44 0 -$30.00 C
IB45 1 $6.48 B
IB46 1 $6.48 B
IB47 1 $6.48 B
IB48 0 -$30.00 C
IB49 2 $42.97 B
IB50 1 $6.48 B
L $235.04

Table 38. Analysis of the FV43 with the parameters ¢ =1.04; j =3 and k =33 Part IIL

FVis 0/3 P/L B/C
1B51 1 $6.48 B
IB52 0 -$30.00 C
IB53 2 $42.97 B
IB54 2 $42.97 B
IB55 0 -$30.00 C
IB56 3 $79.45 B
IB57 1 $6.48 B
IB58 0 -$30.00 C
IB59 1 $6.48 B
IB60 2 $42.97 B
I1B61 0 -$30.00 C
IB62 0 -$30.00 C
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1B63 1 $6.48 B
IB64 0 -$30.00 C
IB65 1 $6.48 B
1B66 1 $6.48 B
IB67 0 -$30.00 C
1B68 1 $6.48 B
1B69 0 -$30.00 C
1B70 1 $6.48 B
IB71 1 $6.48 B
IB72 2 $42.97 B
IB73 2 $42.97 B
IB74 0 -$30.00 C
IB75 0 -$30.00 C
L $52.62

Table 39. Analysis of the FV43 with the parameters ¢ =1.04;j=3 and k=33 Part IV.

FVis 0/3 P/L B/C
IB76 0 -$30.00 C
IB77 3 $79.45 B
IB78 1 $6.48 B
IB79 1 $6.48 B
1B30 1 $6.48 B
1B81 2 $42.97 B
1B82 0 -$30.00 C
1B83 2 $42.97 B
1B84 0 -$30.00 C
B85 2 $42.97 B
IB86 1 $6.48 B
IB87 0 -$30.00 C
IB88 2 $42.97 B
IB89 0 -$30.00 C
1B90 1 $6.48 B
1B91 1 $6.48 B
1B92 1 $6.48 B
1B93 0 -$30.00 C
1B94 1 $6.48 B
1B95 1 $6.48 B
1B96 2 $42.97 B
1B97 1 $6.48 B
1B98 0 -$30.00 C
1B99 0 -$30.00 C
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1B100 1 $6.48 B
b> $125.58

We can say that FVu, in general, presented a very comfortable scenario for this hypothetical
bettor, in which it basically showed very little volatility throughout each Small Block and their re-
spective Intermediate Blocks, as we can see in Figure 27. As a result of this FV we had a positive result
of $794.22 which generated an ROI of 3,871.10%. This is a dream scenario for a victorian bettor, since
Bob, for example, would have made an average profit of $ 0.1346 cents per ticket if we consider that
Bob had to bet on 5,900 independent events in this FV.

Accumulated Profit or Loss

P/L

400

o 25 50 75 100
Sequence

Figure 27. Graphical analysis of profit or loss of FV43 with parameters ¢ =1.04;j=3 and k = 33.

In the same way as we analyzed the configuration in the previous section, we will analyze the
results of another 100 hypothetical FVs in order to possibly check which category this configuration
@ =1.04; j =3 and k = 33 would belong to in the Victoria model.

Table 40. Analysis of 100 FVs with parameters ¢ =1.04; j=3 and k =33 Part L.
FVu 0/3 1/3 2/3 3/3 p /100 P/L Bankroll ROI

Fvi 22 58 18 2 78/100 $648.20 $77.04 741.38%
Fv2 27 46 25 2 73/100 $721.23 $60.00 1102.05%
Fv3 27 45 25 3 73/100 $794.20 $60.00 1223.67%
FV4 28 46 23 3 72/100 $684.74 $60.00 1041.23%
FV5 31 48 17 4 69/100 $429.33 $40.56 958.51%
Fve 29 48 21 2 71/100 $502.31 $60.00 737.18%
Fv7 24 53 21 2 76/100 $684.71 $30.00  2182.37%
Fvs 29 47 22 2 71/100 $538.80 $113.52  374.63%
Fv9 29 49 18 3 71/100 $459.15 $30.00 1430.50%
FVi0 30 47 19 4 70/100 $538.60 $90.00 498.44%
FVi1 23 52 21 4 77/100 $886.92 $77.04 1051.25%
Fv12 30 51 18 1 70/100 $283.21 $30.00 844.03%
Fv13 32 49 16 3 68/100 $283.23 $209.27 35.34%
FVi4 29 54 15 2 71/100 $283.22 $98.16 188.53%
FVi5 30 42 26 2 70/100 $647.99 $30.00  2059.97%
FVie 29 46 22 3 71/100 $611.55 $60.00 919.25%
Fviz 34 47 14 5 66/100 $283.25 $158.16 79.09%
FV18 27 52 17 4 73/100 $575.08 $115.19  399.24%
FV19 32 41 24 3 68/100 $575.07 $53.52 974.5%
FV20 32 47 19 2 68/100 $319.70 $47.04 579.63%
FV21 26 49 21 4 74/100 $757.48 $85.20 789.06%
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FV22 25 56 16 3 75/100  $53859  $30.00  1695.3%

FV23 27 49 19 5 73/100  $721.01  $90.00  701.01%

FV24 28 42 26 4 72/100  $866.92  $60.00  1344.87%

FV25 25 43 27 5 75/100  $1,085.81  $30.00  3519.37%
L - - - - - $14,720.30 - -

Table 41. Analysis of 100 FVs with parameters ¢ =1.04; j=3 and k =33 Part IL

FV. 0/3 1/3 2/3 3/3 B /100 P/ Bankroll ROI
FV26 28 48 20 4 72/100  $648.04  $89.27 625.93%
FV27 31 43 21 5 69/100  $648.05 $67.43 861.07%
FV2s8 30 44 22 4 70/100  $648.21  $90.00 620.23%
FV29 36 43 19 2 64/100  $173.78  $62.60 177.6%
FV30 33 46 19 2 67/100  $283.41  $53.52  429.54%
FV31 32 42 26 0 68/100  $429.38  $30.00 1331.27%
FV32 26 52 18 4 74/100  $648.22  $83.52 676.13%
FV33 25 49 21 5 75/100  $867.14  $83.52 938.24%
FVv34 29 44 23 4 71/100  $721.23  $30.00 2304.1%
FV35 24 53 18 5 76/100  $794.15  $30.00 2547.17%
FV36 32 47 19 2 68/100  $319.89  $30.00 966.3%
FV37 22 52 22 4 78/100  $940.10 $77.04 1120.28%
FV3s8 30 42 26 2 70/100  $647.58  $47.04 1276.66%
FV39 33 40 26 1 67/100  $465.87 $218.10 113.6%
FV40 31 51 17 1 69/100  $21042 $78.66 167.51%
FV41 35 47 17 4 65/100  $302.85 $211.65 43.09%
FV42 31 47 21 1 69/100  $356.38  $30.00 1087.93%
FV43 29 41 27 3 71/100  $794.21  $60.00 1223.68%
FV44 31 45 21 3 69/100  $502.33  $94.07  434%
FVi5 32 49 16 3 68/100  $283.39  $30.00 844.63%
FV46 33 47 18 2 67/100  $246.92  $97.41 153.49%
Fvaz 28 47 24 1 72/100  $575.29 $103.88 453.8%
FV4s8 28 55 13 4 72/100  $392.81 $123.36 218.43%
FV49 34 40 24 2 66/100  $429.38  $93.75 358.01%
FV50 32 43 24 1 68/100  $429.37  $30.00 1331.23%

z - - - - - $12,758.40 - -

Table 42. Analysis of 100 FVs with parameters ¢ =1.04; j =3 and k = 33 Part IIL
FVa 0/3 1/3 2/3 3/3 p /100 P/L Bankroll ROI

FV51 29 43 24 4 71/100 $757.72 $30.00 2425.73%
FV52 35 39 23 3 65/100 $429.38 $116.85 267.46%
FV53 26 49 20 5 74/100 794.17 $47.04 $1588.29%
FV54 29 45 25 1 71/100 $575.30 $107.04 437.46%
FV55 22 54 23 1 78/100 $757.68 $44.63 1597.69%
FV56 36 39 21 4 64/100 $392.89 $30.00 1209.63%
FV57 37 41 19 3 63/100 $210.46 $137.04 53.58%
FV58 35 46 18 1 65/100 $100.99 $59.27 70.39%
FV59 36 38 25 1 64/100 $319.94 $201.11 59.09%
FVe0 26 51 18 5 74/100 $721.19 $30.00 2303.97%
FVe1 30 52 16 2 70/100 $283.38 $64.07 342.3%
FVe2 31 47 21 1 69/100 $356.38 $30.00 1087.93%
FVe3 29 45 25 1 71/100 $575.30 $40.56 1318.39%
FVe4 33 42 21 4 67/100 $502.33 $53.52 838.58%
FVe5 35 42 21 2 65/100 $283.43 $167.03 69.69%
FVe6 28 51 19 2 72/100 $465.81 $87.59 431.81%
FVe7 35 44 20 1 65/100 $173.97 $201.12 -13.5%
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FVe8 30 42 24 4 70/100  $72124  $47.03  1433.57%
FV69 37 41 18 4 63/100  $246.94  $81.11  204.45%
FV70 29 44 23 5 71/100  $800.68  $30.00  2568.93%
FV71 33 43 22 2 67/100  $392.88  $167.04  1352%

FV72 35 4 18 5 65/100  $392.87  $47.04  735.18%
FV73 25 51 23 1 75/100  $64824  $5352  1111.21%
FV74 2 53 20 5 78/100  $940.09  $107.04  778.26%
FV75 34 48 17 1 66/100  $10098  $158.10  -36.13%

L - - - - - $11,944.24 - -

Table 43. Analysis of 100 FVs with parameters ¢ =1.04; j =3 and k =33 Part IV.

FV. 0/3 1/3 2/3 3/3 B /100 P/L Bankroll ROI
FV76 32 51 16 1 68/100 $137.45 $143.52 -4.23
Fvz7 35 46 15 4 65/100 $210.43 $302.56 -30.45
FV78 31 42 25 2 69/100 $575.31 $40.56 1318.42
FV79 36 45 14 5 64/100 $210.43 $64.08 228.39
FVs0 28 54 15 3 72/100 $392.82 $123.32 218.54
FVg1 38 40 18 4 62/100 $210.46 $224.62 -6.3
FV82 28 47 20 5 72/100 $721.21 $184.08 291.79
FV83 32 49 19 0 68/100 $173.86 $117.75 47.65
FV84 31 39 27 3 69/100 $721.26 $30.00 2304.2
FVg5 29 48 21 2 71/100 $502.31 $70.55 611.99
FV86 26 53 17 4 74/100 $611.73 $47.04 1200.45
FV87 31 51 17 1 69/100 $30.00 $601.40 210.42
FV88 30 46 18 6 70/100 $648.24 $30.00 2060.8
FV89 35 48 16 2 65/100 $107.46 $117.60 -8.62%
FV90 31 43 21 5 69/100 $648.26 $30.00  2060.87%
FVvo1 38 39 21 2 62/100 $174.02 $251.46 -30.78%
FvV92 31 43 24 2 69/100 $538.82 $30.00 1696.07%
FV93 27 45 27 1 73/100 $721.24 $30.00 2304.13
FVo4 28 45 24 3 72/100 $719.88 $30.00  2299.60%
FV95 26 45 27 2 74/100 $829.34 $30.00  2664.47%
FV96 26 57 16 1 74/100 $356.33 $60.00 493.88%
FV97 31 50 16 3 69/100 $319.87 $207.59 54.09%
FVos 26 50 21 3 74/100 $684.72 $60.00 1041.20%
FV99 35 47 13 5 65/100 $210.42 $143.52 46.61%

FV100 32 47 18 3 68/100 $356.37 $68.15 422.92%
z - - - - - $10,992.66 - -

From Tables 4043, after analyzing all 100 FVs, we can see that we made a total profit of
$50,415.60. If we consider that we would have an average of 5,900 games for each FV, this would give
us a total of 590,000 games, which would give us an average profit of $0.0855 cents for each ticket
wagered.

Also according to Tables 40-43, if we consider a Yellow Zone = 20, that is, multiply by the first
standard profit, in this case $6.48, we get a YZ = 129.60, meaning that all values equal to or less than
these as final results in an FV should be classified in the so-called Yellow Zone, which shows us a
warning sign because the profit was not so attractive. Using these reference values, for example, we
found that FVss, FV7s, FVs7 and FVso belong to the Yellow Zone.

As we can also see, we didn't have any FVs indicating any negative results, however, due to the
fact that this is a seminal study, we also have to be careful about flagging as a possible configuration
belonging to the “singularity point” category, i.e. a configuration that will always be 100% regardless
of the number of each group of 100 FVs simulated.

From the point of view of the experience I've had in this field of randomness, from Monte Carlo
simulations to those physical games with a globe that simulate a lottery, as much as the results have
indicated something positive in terms of the average profit in each FV and the fact that there are no
FVs with a negative result, we can probably expect this configuration to belong to the 94% or 95%
category, indicating that we'll probably have a maximum of 5 or 6 FVs with a negative result.
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4.2.1.1. PL Considering the Configuration ¢ =1.04, k=33 and j=3
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Figure 28. Graphical analysis of the expected mean Profit and Loss Scenario after 100 Future Values (FVs) con-

sidering the parameters ¢ =1.04 k=33 and j = 3.

Table 44. Analysis of the expected mean Profit and Loss scenario after 100 Future Values (FVs) considering the

parameters ¢ =1.04k =33 and j=3.

Expected mean profit and loss
Sample size 100
Sample mean 48789
Median 43000
Standard Deviation 231.87
Shapiro-Wilk (p-value) 0.0579
Bootstrap IC (95%) (442 45532 48)

By analyzing the overall results of profit or loss in the 100 Future Values (FVs), we can see that
when we apply the Bootstrap Confidence Interval considering a 95% level of reliability, we can expect
the value of the true population mean to be between $442.45 and $532.48, i.e. indicating a range of
expected profitability values for the bettor.

4.2.1.2. Bankroll Considering the Configuration ¢ =1.04, k=33 and j=3
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Figure 29. Graphical analysis of the expected mean bankroll scenario after 100 Future Values (FVs) considering

the parameters ¢ =1.04 k=33 and j = 3.

Table 45. Analysis of the expected mean bankroll scenario after 100 Future Values (FVs) considering the parame-

ters p=1.04k=33 and j=3.

Expected mean bankroll result

Sample size

Sample mean

Median

Standard Deviation
Shapiro-Wilk (p-value)
Bootstrap IC (95%)

100
81.24
60
57.05
8.60%e-0

(70.58. 02.60)
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Again, when it comes to analyzing the bankroll, we see that the normal distribution is far from
the expected distribution. Our interpretation of the results is that we are 95% confident that the true
population mean lies somewhere between $70.58 and $92.60. Therefore, a bettor should expect to have
something in this range of available value if each stake is $10.

4.2.1.3. ROI Considering the Configuration ¢ =1.04, k=33 and j=3

6 300

4 200
2 H H 100
0

0
0 500 7000 1500 2000 2500 3000 3500 600 700 800 900 1000 1100
Bootstrap Means p*

Frequency

Sample Data

Figure 30. Graphical analysis of the expected mean ROI scenario after 100 Future Values (FVs) considering the
parameters ¢ =1.04 k=33 and j=3.

Table 46. Analysis of the expected mean ROI with scenario after 100 Future Values (FVs) considering the param-
eters p=1.04k =33 and j=3.

Expected mean ROI result

Sample size 100
Sample mean 826.92
Median 736.18
Standard Deviation 75922
Shapiro-Wilk (p-value) 0.000005116
Bootstrap IC (95%) (687.30. 980.03)

Regarding ROI we can say that we are 95% confident that the true population mean lies some-
where between 687.2955% and 980.0319% return on the bettor’s investiment.

42.1.4. 0/3 Considering the Configuration ¢ =1.04, k=33 and j=3

As can be seen below, with regard to the number of small blocks containing 0 positive results,
that is, with 0 successful small blocks, after analyzing 100 Intermediate Blocks (IBs) we are 95% con-
fident that the true population mean lies somewhere between 29.36 and 30.85 Intermediate Blocks
containing values equal to 0. It is as if we entered this game knowing that as n goes to infinity the
values of 0 present in Intermediate Blocks (out of a total of 3 possible small blocks) will converge to
approximately 30%.
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o ¥
225 250 215 300 325 350 35 285 290 295 300 305 310 315
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Figure 31. Graphical analysis of the small blocks scenario Jn =0 expected mean after 100 Future Values (FVs)
considering the parameters ¢ =1.04 k=33 and j = 3.
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Table 47. Analysis of the small blocks scenario Jn = 0 expected mean after 100 Future Values (FVs) considering

the parameters ¢ =1.04 k=33 and j = 3.

Result of small blocks J, = 0 expected mean

Sample size 100
Sample mean 301
Median 30
Standard Deviation 381
Shapiro-Wilk (p-value) 0.1698
Bootstrap IC (95%) (29.36. 30.85)

42.1.5. 1/3 Considering the Configuration ¢ =1.04, k=33 andj=3

With regard to the number of small blocks containing 1 positive result, that is, with 1 small block
of success, after analyzing 100 Intermediate Blocks (IB s) we are 95% confident that the true popula-
tion mean lies somewhere between 45.80 and 47.56 Intermediate Blocks containing values equal to 1.
It is as if we entered this game knowing that as n goes to infinity, the values of 1 small block of success
(out of a total of 3 possible small blocks) present in Intermediate Blocks will converge to approxi-
mately 46%, for example.
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Figure 32. Graphical analysis of the small blocks scenario Jn =1 expected mean after 100 Future Values (FVs)
considering the parameters ¢ =1.04 k=33 and j = 3.

Table 48. Analysis of the small blocks scenario Jn =1 expected mean after 100 Future Values (FVs) considering
the parameters ¢ =1.04 k=33 and j= 3.

Result of small blocks J, = I expected mean

Sample size 100
Sample mean 46.67
Median 47
Standard Deviation 448
Shapiro-Wilk (p-value) 0.1494
Bootstrap IC (95%) (45.80. 47.56)

42.1.6. 2/3 Considering the Configuration ¢ =1.04, k=33 andj=3

With regard to the number of small blocks containing 2 positive results, that is, with 2 small
blocks of successes, after analyzing 100 Intermediate Blocks (IBs) we are 95% confident that the true
population mean lies somewhere between 19.70 and 21.09 Intermediate Blocks containing values
equal to 2. It is as if we entered this game knowing that as n goes to infinity, the values of the 2 small
blocks of success (out of a total of 3 possible small blocks) present in each Intermediate Block will
converge to approximately 20%, for example.
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Figure 33. Graphical analysis of the small blocks scenario Jn =2 expected mean after 100 Future Values (FVs)

considering the parameters ¢ =1.04 k=33 and j = 3.

Table 49. Analysis of the small blocks scenario Jn =2 expected mean after 100 Future Values (FVs) considering

the parameters ¢ =1.04 k=33 and j = 3.

Result of small blocks J, = 2 expected mean

Sample size 100
Sample mean 204
Median 21
Standard Deviation 355
Shapiro-Wilk (p-value) 0.02548
Bootstrap IC (93%) (19.70.21.09)

42.1.7. 3/3 Considering the Configuration ¢ =1.04, k=33 and j=3

With regard to the number of small blocks containing 3 positive results, that is, with 3 small
blocks of successes, after analyzing 100 Intermediate Blocks (IBs) we are 95% confident that the true
population mean lies somewhere between 2.59 and 3.15 Intermediate Blocks containing values equal
to 3. It is as if we entered this game knowing that as n goes to infinity, the values of the 3 small blocks
of success (out of a total of 3 possible small blocks) present in each Intermediate Block will converge
to approximately 3%, for example.
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Figure 34. Graphical analysis of the small blocks scenario Jn = 3 expected mean after 100 Future Values (FVs)
considering the parameters ¢ =1.04 k=33 and j = 3.

Table 50. Analysis of the small blocks scenario Jn =3 expected mean after 100 Future Values (FVs) considering
the parameters ¢ =1.04 k=33 and j = 3.

Result of small blocks J,, = 3 expected mean

Sample size 100
Sample mean 287
Median 3
Standard Deviation 145
Shapiro-Wilk (p-value) 0.00002356

Bootstrap IC (95%) (2.59.3.15)
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4.3. Some Reflections on Victoria

These potential profits that can be made by Victoria are justified for a number of reasons, includ-
ing the understanding that winning and losing is part of the expected process according to probabil-
ity theory itself, so what really matters is that we deliberately look for a set of strategies in which we
have a positive mathematical expectation in the long term. In the case of Victoria, it is enough that the
probabilities defined by the sportsbooks are equal to the probabilities defined by the individual, re-
flecting the “real” probabilities expected by the event.

Unlike the Kelly Criterion, there is no need, in principle, for the player to guarantee some per-
centage advantage over the house, even taking into account possible fees (vigorish), since the model
already takes this scenario into account. In fact, if a bettor using the Victoria method wanted to take
into account a percentage advantage over the house, we can logically expect much better results than
would be obtained using Victoria in its pure essence. In this sense, we could also expect that those
configurations defined as belonging to the 90%, 95%, 97%... categories could be strong candidates for
always belonging to the 100% parameter category in each FV considered, meaning that the punter
will be able to obtain an assured profitability within the approximately 4800 to 7000 games wagered
on each Future Value (FV), reducing the mathematically necessary time and being more applicable
to the real world.

Another point to bear in mind is that, as we saw earlier in the results section, Victoria doesn't
require a strong bankroll, as the hierarchies of Small Blocks (j), Intermediate Blocks (IBs) and Future
Values (FVs) already create a natural barrier against the effect of volatility, which, with well-defined
@, j and k configurations, can provide a positive trend with long-term profits for the victorian bettor.

Furthermore, the application of compound interest or logarithmic growth present in Victoria's
formulation is what allows a victorian bettor to have positive mathematical expectation against the
house. We also say that in this case, the function n(Xt) the complementary action in the description
of this function is the understanding of the behavior of randomness added to the mathematical for-
mulation of Victoria itself and its designs of ¢, j, and k containing compound interest (with the idea
of reinvestment), for example.

Although it is sometimes considered obvious due to the knowledge acquired over the years with
the development of statistics and computer science, it is necessary to make it clear and intelligible that
the nature of the random number generator, be it PRNGs, QuasiRNGs, TRNGs, or QRNGs, doesn't
matter to us either, except for the probability distribution observed behind each of them. It is the
probability distribution that dictates the rules of the game.

Of course, in the case of PRNGs and QuasiRNGs, for example, there are additional issues arising
from their deterministic nature, such as the size of the cycle (for those PRNGs considered non-peri-
odic) and the case of the seeds, which can influence the level of entropy and other statistical qualities.
However, what we must bear in mind is that, in principle, there are no statistically significant differ-
ences between a good PRNG and a QRNG.

If we know and master the basic properties of randomness given a probability distribution, we
can have good control and obtain a “partial prediction of the future” and, among other things, we can
reduce the number of possible combinations to achieve a certain result. This means that, in principle,
if we take information security, for example, through a uniform probability distribution, we can have
positive and negative surprises in the future, both with new security implementation measures and
with the possible use of these measurable random structures for illicit purposes.

Today, we are not yet fully able to delve into randomness and its basic structuring in certain
probability distributions, but that doesn't mean that it won't be possible in the coming years to expand
the initial concept of the “predictable random component” even further, especially with the help of arti-
ficial intelligence and quantum technology.

4.3.1. Limitations

4.3.1.1. Data-Driven Decision Making
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As in the field of time series analysis, Victoria's application will depend on the existence of a
database containing a historical series of at least a few variables specific to the event that will occur.
There is no other way to go but to make decisions based on data and statistics.

This method can take time to analyze the data and check whether the odds offered by the sports-
books are consistent with the data in the historical series. We can therefore say the user must have
the ability to carry out analysis in a similar way to what sportsbooks already do. And this is nothing
new in the world of sports trading, since bettors who are part of the small slice of constantly profitable
users, (usually between 1% and 5%) already do these analyses, as Sumpter (2020) pointed out when
he demonstrated the logistic regression formula is one of the 10 main formulas that shape the world
as we know it. Well, in the case of the world of sports trading, logistic regression is extremely useful
for analyzing whether a particular sporting event has value or not according to the odds presented
by the sportsbooks.

4.3.1.2. The Chaotic Nature of Sporting Events

Sporting events, by their very nature, are very chaotic, which can make it difficult to make a
more accurate prediction in terms of odds, especially if the user places a bet on a live event, since
events in progress can be more susceptible to imbalances in the odds both for and against the pro-
spects expected by the user: betting market conditions can change, and new factors can emerge, af-
fecting the accuracy of predictions. Therefore, when applying Victoria it is best to have already carried
out an analysis and made an entry action before the event starts.

We need to bear in mind that when it comes to sporting events, there are countless variables that
can sometimes have a significant influence and/or be difficult to quantify, such as: the weather varia-
ble (heat, cold, rain, snow...), terrain (altitude level), the time of the game and the way the visiting
team travels (plane, bus...), emotional issues arising from each individual player, the atmosphere inside
the stadium, such as chants from the fans, injuries to a player, taunts from the rival team, officiating
errors, among other possible scenarios.

4.3.1.3. The Uncertainty Factor Will Remain Forever

It should also be clear and understandable that the very nature of probability does not provide
us with an exact probability and/or a series of intervals from point a or b in which they will always
be directed towards the expected values of the lower or upper limit. What Probability Theory does
tell us is that there is a strong tendency for the results to converge to these expected probabilities p
given a margin of error * ¢.

Even in terms of current bibliographical references, there is common agreement in references on
the subject of Probability Theory that, although such expected results are an extremely small proba-
bility to the point that they basically don't exist and, if they occur, could take thousands and thou-
sands, billions and billions of years, among other longer time scales, the uncertainty factor, sometimes
also referred to as “random noise”, will persist in the face of our data, which could lead to an undesir-
able result occurring in the future.

4.3.1.4. Psychological Biases and Sortsbook Control Actions

As also discussed in the course of the study, psychological/emotional biases coupled with the
actions of some sportsbooks, such as limiting the markets available for betting, limiting the amounts
wagered, and even blocking consistently winning bettors, are possibilities that can prevent a strategy
with positive mathematical expectations from lasting in the long term.

It is also known that there are few sportsbook groups that operate through a business model
aimed exclusively at professional bettors, so although they are already used to dealing with players
who are constant winners in the long term, the introduction of Victoria and victorian players could
change this scenario and the uncertainties regarding the possible actions of these sportsbooks also
tend to be uncertain.
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4.3.1.5. A New Approach

Victoria is an innovative approach and will therefore require further complementary studies
evaluating the different types of configurations as well as the overall results in terms of Future Values
(FVs) from the perspective of convergence in probabilities.

Knowing these natural laws converted into probabilities and their respective distributions, we
can say that past results don't guarantee future results either, but they do tend to show us a strong
trend of what might happen. This is how sportsbooks and professional sports traders work, spending
most of their lives living in the dice paradise, that is, through data and statistics.

4.4. Some Reflections on the Victoria-Nash Asymmetric Equilibrium (VNAE)

The Victoria-Nash Asymmetric Equilibrium (VNAE) expands game theory by modeling equi-
libria in asymmetric information and strategy scenarios. Unlike the traditional Nash equilibrium,
where no player has a unilateral incentive to deviate, the VNAE allows agents to gain a sustainable
long-term advantage by exploiting predictable patterns in randomness, represented by the function
fo(Xi). Its application extends to stochastic, zero-sum, asymmetric, repeated and imperfect infor-
mation games, and can be seen as an extension of Nash, Stackelberg and Bayesian equilibria.

Structural advantages, knowledge and experience added to the rational aspect of exploring pat-
terns in true randomness in order to extract some value can be said to be a primary basis of the Vic-
toria-Nash Asymmetric Equilibrium.

In VNAE, players have different capacities for identification, prediction and adaptation, making
it possible to model scenarios in which some players better exploit the patterns in the randomness
'embedded' in the game and which is available to all players.

Unlike the Stackelberg equilibrium, the VNAE does not presuppose a fixed hierarchy, although
it can reflect structural advantages in certain contexts, as can be seen in contexts such as social ine-
qualities. Its main characteristic comes from a player's ability to identify and exploit hidden patterns
in the true randomness given a probability distribution - uniform distribution being adopted as the
standard in this study - making the function f(X:) not just an 'optimal strategy', but a fundamental
basis for many types of games, which justifies in this study its being treated as a new basic function
in game theory.

As we saw in section 2.10 “Is it possible to beat the house?” we see some examples of how through-
out history scientists and people have beaten the house using partially predictable randomness as
part of their optimal strategies. As we are dealing with the randomness factor given a probability
distribution, we say that it is something timeless, so if there are no changes to the rules of the game,
the same people who beat the house in the past will also beat it in the present and future. In this sense,
even if we consider that the house adopts defensive actions such as limitations and blocking the ac-
counts of victorian players, the tendency is that it will not converge to a Nash Equilibrium, since the
fundamental and original structure of the game has been altered. Although this example is applied
to the world of betting, scenario I, as seen in section 3.6.3, continues to stand out.

The Victoria-Nash Asymmetric Equilibrium (VNAE) reveals a new perspective in Decision The-
ory and Game Theory, where strategic asymmetry can be exploited to obtain sustainable advantages
in different systems. Furthermore, this model provides a mathematical basis for explaining natural,
economic and social inequalities, showing how small strategic advantages amplify over time, making
it possible to model asymmetries in social interactions, business negotiations and geopolitical dis-
putes, helping to understand and influence these phenomena.

In finance, the methodology can be applied to optimize decisions in risky markets, identifying
strategies that maximize statistically favorable returns. In this sense, it can be an important tool for
decision-making in financial trading and sports betting, for example. Similarly, in Artificial Intelli-
gence, the concept can be used to develop adaptive agents that adjust their strategies in dynamic
environments, exploiting statistical biases in a similar way to traders and automated decision sys-
tems.
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In addition to economics and technology, the VNAE, as in Hubbell's (2001) approach, is applied
to the natural sciences, modeling dynamic and stochastic processes in physics, explaining strategic
advantages in natural selection and describing, in ecology, how competition between species shapes
patterns of biodiversity and resource distribution.

The f/(X:) function shows great flexibility when modeling natural, political, social and economic
phenomena, but it can have some limitations. The model assumes that agents have rationality, access
to information and the ability to manage it, which may not be realistic in all contexts. Furthermore,
its application in areas such as biology and social sciences may require specific adaptations.

Another limitation involves the computational factor, as data storage and processing can be bar-
riers for some players. In addition to statistical knowledge, it is necessary to manage randomness
through some physical system such as suitable hardware or software. If poorly modeled, randomness
and its results can introduce biases.

In fact, there are different interpretations of the partial prediction of true randomness, some
might argue that hitting a random number at a certain point is a random event, impossible to predict.
Nowadays, this is true. However, it should be clear and understandable here that the “Predictable
Random Component” should be visualized and understood through convergence in probabilities (in
more depth from various angles) and not exactly the prediction of certain specific points within the
randomness of a uniform distribution, for example.

With the knowledge we have today, this more specific predictability is something of a limitation,
but it doesn't mean that over the years, with advances in quantum technology and artificial intelli-
gence, as well as advances in statistics itself, this won't be achievable either. But, in principle, the basis
of the VNAE lies in the convergence of probabilities.

Despite some possible limitations inherent in the model, as well as those present in others, in
general, the VNAE tends to be a robust model for explaining asymmetric advantages which both the
author and the academic community are invited to discuss and put into practice in their respective
experiments to disseminate new results by solving real problems.

5. Conclusions

In the context of sports betting and financial markets, the Victoria methodology demonstrates
that, under certain strategic parameters, it is possible to obtain sustainable statistical advantages. The
analysis of the convergence of positive FVs suggests that players or investors can manage risks more
efficiently, reducing losses and maximizing gains. However, its application requires strict control over
variables such as capital allocation, time series analysis and appropriate probabilistic modeling, en-
suring that the theoretical benefits of the model are effectively translated into practical results.

Based on Victoria's formulation, applied in sports betting contexts, a new function 7(X:) called
the “Predictable Random Component” was presented in the context of Decision Theory and Game The-
ory. It is a function that considers that through true randomness we can extract patterns, which are
based on convergences in probabilities that, added to other complementary actions, whether through
a mathematical operation, physics or any other cognitive action, can provide asymmetric advantages
for one of the sides in a given game.

In this study, the following configurations were used ¢ =1.02 k=50 and j =2 and ¢ =1.04 k = 33
and j =3 in the Monte Carlo simulation. Each standard stake was also assumed to be $10. At the end
of the study, both configurations were shown to probably belong to the category of at least 94% or
95% positive FVs over a sequence of every 100 FVs. As this is a seminal study, we hope to obtain
more data in this regard in the future through new practical studies.

As for the first configuration (¢ =1.02 k = 50 and j = 2), among the main results over 100 FVs we
had $325.03 in average profit (between $296.89 and $361.66 in the Bootstrap Interval with 95% confi-
dence). As for the expected bankroll to play the game, we had an average of $66.95 (between $57.19
and $77.31 in the Bootstrap Interval with 95% confidence). And we had an average ROI of 866.81%
(between 693.43% and 1,054.09% in the Bootsrap Interval with 95% confidence). Considering that in
this configuration we can expect an average of + 6,500 games for each Future Value (FV), this gives
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us a positive mathematical expectation of approximately $0.05 cents for each betting ticket (k inde-
pendent events).

As for the second configuration (¢ = 1.04 k =33 and j = 3), among the main results over 100 FVs
we had $487.89 in average profit (between $442.45 and $532.48 in the Bootstrap Interval with 95%
confidence). In addition, in terms of the expected bankroll to play the game, we had an average of
$81.24 (between $70.58 and $92.60) in the Bootstrap Interval with 95% confidence). And, we had an
average ROI of 826.92% (between 687.30% and 980.03% in the Bootstrap Interval with 95% confi-
dence). Considering that in this configuration we can expect an average of + 5,900 games for each
Future Value (FV), this gives us a positive mathematical expectation of approximately $0.08269 cents
for each betting ticket (k independent events).

According to the theorizing proposed in this study, both configurations tended to belong to what
was presented in Part III of Teather of Dreams. Furthermore, a question that remains open in this
study is the so-called “point of singularity” in which it is claimed that there may be optimal configura-
tions of ¢, j and k capable of always offering 100 positive FVs over groups of 100 FVs using only the
Victoria formulation considering that the odds offered are considered “fair” without any margins of
advantage for the bettor. If found in the future, this will certainly allow a much shorter period of time
(number of independent k events) to mathematically ensure a positive result in a single FV.

Furthermore, as presented in Plays II and 1V, it sounds like an interesting strategy to work by
mixing the Victoria formulation with some possible margin for the player against the house, since it
will take advantage of the positive mathematical expectation of the model, as well as reducing the
number of games needed to mathematically eliminate all possible losses with some FV with a nega-
tive result.

As presented in Teather of Dreams in “Play V: Beacon Hill Park” and consequently in section 3.4,
a theorem was presented as well as its respective proof demonstrating that as the number of games
wagered increases, the gambler tends to mathematically eradicate all possible ways of having a neg-
ative result through the Law of Large Numbers and convergences in probability. In this case, what
was presented in Play I and Play III could eliminate all possible forms of loss by increasing the num-
ber of small blocks (ju) reflected in the number of Intermediate Blocks (IBs) and even consider new
designs beyond the standard originally proposed for amounts greater than 100 IBs in a FV.

Furthermore, this study proposed the concept of the Victoria-Nash Asymmetric Equilibrium
(VNAE), an innovative approach that challenges the classical understanding of games dominated by
randomness. Unlike the traditional Nash Equilibrium, the VNAE suggests that even in games with
uniform distribution and dominant random factors at the base of the game, it is possible through the
function n(X:) or if you prefer, in this context, f(X:) to identify predictable patterns and exploit them
in an asymmetric way, maintaining a continuous advantage over the opponent.

The relevance of this concept tends to extend beyond the field of sports betting and financial
markets, with potential applications in areas such as social sciences (modeling geopolitical and busi-
ness issues, social inequality, interpersonal relationships), cryptography, biology, medicine, artificial
intelligence and dynamic systems, for example.

As a proof of the Victoria-Nash Asymmetric Equilibrium, Brouwer's fixed point theorem and
Markov processes were used. Finally, although Victoria and VNAE offer a significant advance in the
analysis of stochastic games and dynamic systems, their applications may require specific refinements
depending on the context. Issues such as computational complexity, the need for robust data and
assumptions about the rationality of agents must be taken into account. However, the contributions
of these models point to a new paradigm in the modeling of randomness and strategy, offering prom-
ising mathematical tools for decision-making in stochastic environments. Furthermore, the author
also concludes that only through data and Statistics can we 'beat’ the house.

6. What Can We Expect Beyond Victoria and Victoria-Nash Asymmetric Equilib-
rium?
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What should be clear and understandable both to my colleagues scientists, researchers as well
as to readers in general is that this study is not about sports betting and the possibility of making
profits in the medium and long run, as has been shown to be theoretically possible, but rather a
deeper understanding of the behavior of true randomness given the tools available from the science
of Statistics and Probability Theory.

Although at first it may seem counterintuitive, Victoria could open up new, similar approaches,
focusing on the creation of new batteries of randomness tests that could complement the existing
ones, and which could take into account the randomness generated by the principles of quantum
physics. As discussed by Bessey (2002) and pointed out by Postman (1992), technologies can have a
bias, an ideological tendency at their base. However, another point to bear in mind is that in the nat-
ural world much of the knowledge, techniques, and technologies are at our disposal, but intentions
come from people.

In addition to the field of cybersecurity, impacts may be visible in other fields of science, from
sociology to the economic and biological sciences, especially with regard to medicine, in which col-
leagues in these areas will know much better than I do how to shape the problems and results pro-
posed and found here to their respective realities.

What defeats us as human beings is the scale and unpredictability of events. As soon as this
barrier is overcome, part by part, by the scientific community over the next years, we will surely find
ourselves at another level of evolution as homo sapiens and, with that, who knows, we may make
great discoveries.
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