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Abstract

Thesis consists of novel ideas and practical implementations 1.Automatic
Features extractions using knowledge graph, proceeds new dataset with Au-
toML and Standard Machine Learning Pipeline for prediction. These new
features enhance the predictive power of Machine Learning Algorithms to
improve the accuracy. 2.Realtime price prediction of Cryptocurrency using
ML algorithms. Existing Studies only predict the price of Cryptocurrency
for static datasets. The proposed Al signal Machine predicts price of BTC
for four timeframes of 1Minute,3 Minute ,5 Minute and 15 Minute simulta-
neously.3.Developed Al Automated Trading Algorithm which can be used
for trading any instrument like Gold, Stock not limited to crypto currency.
The algorithm is based on Feature Engineering, the features extracted using
Automatic Features Engineering using knowledge graph.
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Chapter

Introduction

In the contemporary era of technological advancement, marked by the pro-
liferation of innovations such as machine learning, cryptocurrency, digital
markets, and the metaverse, the pursuit of rapid wealth accumulation has
become a pervasive aspiration. Traditional business avenues have witnessed
a transformation, as the allure of financial markets, renowned for their speed
and volatility, promises earnings within minutes and seconds. Central to
the realm of financial markets, the cryptocurrency market has emerged as a
dominant force fueled by the groundbreaking concept of blockchain technol-
ogy and its global accessibility. Operating incessantly, 24 hours a day and
seven days a week, the crypto market has become a focal point for traders
seeking swift returns on investment. However, the arduous nature of manual
trading, demanding constant vigilance and rapid decision-making, poses sig-
nificant challenges for individuals seeking to capitalize on financial market
opportunities.

1.1 Motivations

The advent of algorithmic trading bots, powered by machine learning con-
cepts, has revolutionized the landscape of financial trading. These Al-driven
bots offer automated trading solutions, enabling traders to execute trans-
actions without the need for continuous monitoring. The rationale for em-
ploying such bots is compelling: they operate with precision and objectiv-
ity, devoid of the emotional biases that often cloud human judgment. A
critical examination comparing human traders to algorithmic trading bots
underscores the vast disparity in trading capacity. While a human trader
may be limited by physical and mental constraints, an algorithmic bot op-
erates tirelessly, round the clock, throughout the year. In a typical work-
week, a human trader may log approximately 40 hours of trading activity.
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In contrast, an algorithmic trading bot operates non-stop, accumulating an
astounding 8760 hours of trading activity annually, equivalent to approxi-
mately 4.2 times the trading capacity of a human counterpart. This thesis
embarks on an exploration of the paradigm shift instigated by algorithmic
trading bots within the context of cryptocurrency markets, analyzing the
manifold advantages they offer over traditional trading methods. By har-
nessing the power of machine learning and automation, these bots exemplify
the convergence of technological innovation and financial efficiency, reshap-
ing the landscape of modern trading practices. The thesis unfolds across six
comprehensive chapters, each contributing to a deeper understanding of the
integration of knowledge-driven approaches and advanced machine-learning
techniques in enhancing trading efficiency and automation in cryptocurrency
markets. Chapter 1 lays the foundation by elucidating fundamental concepts
of knowledge graphs and exploring their structure, semantics, and applica-
tions. Chapter 2 delves into the implementation of an automatic knowledge
graph, highlighting systematic feature engineering and the extraction of in-
fluential features categorized based on their proximity to the root node. In
Chapter 5, the focus shifts to Real-Time Al-trading signal Machine, where
regression-based machine-learning models are trained using various method-
ologies alongside automated machine-learning techniques. This chapter also
details the analysis of real-time data sourced from Binance and hyper param-
eter optimization using Optuna. Chapter 6 elaborates on the workings of the
Time Machine Bot, an algorithmic bot driven by insights garnered from au-
tomatic machine learning. The bot facilitates automated trading decisions,
leveraging indicators derived from the feature set and operating continu-
ously with a target profit margin of 3% on a 24/7 basis. Through this com-
prehensive examination, this thesis underscores the transformative potential
of integrating knowledge-driven approaches with advanced machine-learning
techniques in revolutionizing cryptocurrency trading.

1.2 Contribution

e Automatic Knowledge Graph and Feature Engineering: Pro-
pose the implementation of an automated knowledge graph and me-
thodical feature engineering procedure to extract supplementary fea-
tures, classifying them according to their proximity from the root node.
By identifying influential features and optimising feature selection, this
methodology enhances predictive capabilities.

e Systematic Literate Review (SLR): Performs an exhaustive Sys-
tematic Literature Review (SLR) on Automatic Feature Engineering
and Automatic Knowledge Graph, detailing the development of these
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1.3

concepts.

AT Real-Time Signal Machine: The Al Real-Time Signal Machine
is an innovative system that analyses real-time data from Binance us-
ing machine learning and automated machine learning techniques. It
provides enhanced predictive capabilities to cryptocurrency trading.

Novel Trading Algorithm: Presents an innovative trading algorithm
that optimizes trading strategies over financial markets through the use
of feature engineering, with the goal of enhancing trading decisions in
response to market conditions.

Research Questions

1.Goal: Improved Decision-Making:

Research Question: How can we leverage knowledge graphs to enhance
the decision-making capabilities of trading bots?

Contribution: By integrating various data sources and representing
complex relationships, knowledge graphs can provide a richer infor-
mational context, leading to more informed and potentially more
profitable trading decisions.

2. Goal: Real-Time Data Processing and Analysis:

Research Question: How can knowledge graphs help in processing and
analyzing real-time data for trading strategies?

Contribution: Knowledge graphs can handle and integrate real-time
data feeds, enabling the trading bot to respond swiftly to market
changes with a comprehensive understanding of the context.

3.Goal: Risk Management and Anomaly Detection:

Research Question: In what ways can knowledge graphs aid in
identifying risks and anomalies in trading activities?

Contribution: The ability of knowledge graphs to represent and
analyze complex relationships can help in detecting unusual patterns
and potential risks, thus enhancing the risk management strategies of
the trading bot.

4.Goal: Enhanced Predictive Modelling;:

Research Question: How can the incorporation of knowledge graphs
improve the predictive models used by trading bots?

Contribution: Knowledge graphs enable the incorporation of a broader
range of factors and their interconnections into predictive models,
potentially leading to more accurate forecasts of market movements.
Using knowledge graphs for representing knowledge in automatic
trading bots offers a robust framework for integrating diverse data
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sources, understanding complex relationships, and enhancing the
analytical capabilities of the bot. These features align well with the
primary goals and research questions in the domain, ultimately aiming
to create more intelligent, responsive, and profitable trading strategies.
some research questions specifically tailored for the development and
improvement of automatic trading bots:

Market Data Analysis and Integration

1. How can we effectively integrate diverse data sources (e.g., financial
news, social media sentiment, economic indicators) into a unified
framework for an automatic trading bot?

This question explores methods to combine structured and unstruc-
tured data to enhance the bot’s decision-making capabilities.

2. What are the most effective techniques for real-time data processing
and analysis in the context of automatic trading? Investigating
real-time data handling and analysis techniques to ensure the trading
bot can respond promptly to market changes.

Machine Learning and Predictive Analytics

3. How can machine learning models be optimized for predicting
short-term and long-term market trends?

- Focusing on improving predictive accuracy for different time horizons
using advanced machine learning models.

4. What role do Machine learning and reinforcement learning play in
the development of more sophisticated trading strategies?

- Examining the application of Machine learning and reinforcement
learning in formulating advanced trading strategies.

Risk Management and Anomaly Detection

5. What methods can be used to enhance risk management strategies
in automatic trading bots?

- Developing and testing new risk management techniques to minimize
potential losses.

6. How can anomaly detection algorithms be applied to identify and
mitigate fraudulent or erroneous trades?

- Exploring the use of anomaly detection to safeguard against fraud
and errors.

Algorithmic Trading Strategies

7.What are the most effective algorithmic trading strategies for
different market conditions (e.g., bullish, bearish, volatile)?

- Investigating the performance of various algorithmic strategies under
different market scenarios.

8. How can sentiment analysis from social media and news impact
trading strategy formulation?

- Studying the influence of sentiment analysis on trading strategies
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and its potential to predict market movements.

Performance Evaluation and Optimization

9. What metrics should be used to evaluate the performance of an
automatic trading bot?

- Identifying appropriate performance metrics and evaluation frame-
works.

10. How can automatic trading bots be optimized for execution
efficiency and latency reduction?

- Investigating methods to reduce execution latency and enhance the
efficiency of trading operations.

Knowledge Graphs and Data Representation

11. How can knowledge graphs be utilized to represent complex rela-
tionships and dependencies in financial data for automatic trading?

- Investigating the application of knowledge graphs for a more nuanced
understanding of market relationships.

12. What are the benefits of using knowledge graphs over traditional
data representation models in the context of automatic trading?

- Comparing the effectiveness of knowledge graphs with other data
models in enhancing trading bot performance.






Chapter

Introduction To Knowledge
Graphs

2.1 History of Knowledge Graph

When discussing how to construct modular educational systems for courses,
the Austrian linguist Edgar W. Schneider first used the word in 1972. To
make it easier to perform algebras on graphs, researchers at the Universities
of Groningen and Twente launched a cooperative project in the late 1980s
called Knowledge Graphs, which focuses on creating semantic networks with
edges restricted to a limited range of relations. There became less of a clear-
cut difference between knowledge graphs and semantic networks in the fol-
lowing decades.[1] Wordnet, initially developed in English, was recognized as
one of the earliest knowledge graphs in 1985. Wordnet database uses natu-
ral language processing to catalog semantic associations between words with
structural characteristics. These similarities exist regardless of the language
in which the words are conveyed. Wordnet is a database that associates
words with their related words and contains hyponyms, meronyms, and syn-
onyms. Wordnet can be recognized as a dictionary because synonyms use
definitions and examples. This database is accessible to users via a web
browser, and its role can be seen reflected in apps that deal with text anal-
ysis and artificial intelligence. [2] Twenty years later, in 2005, a man named
Mark Wirk introduced another knowledge network. This one was called
Geonames. A geographical database known as Geonames documented the
relationships between various geographic names and locations and the linked
entities. In 2007, two knowledge warehouses based on graphs were estab-
lished to acquire generic knowledge. On the one hand, there was DBpedia,
which obtained all its information from Wikipedia. On the other side, there
was a database called Freebase that had a variety of datasets that were avail-
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able to the public. These two datasets didn’t contain knowledge graphs, but
they defined and developed concepts related to one another. After another
five years, in 2012, Google released its first knowledge graphs built on DBpe-
dia and Freebase. After a few years had passed, they absorbed RDF, which
was an extension of attributes that could be added to HTML, XHTML,
and XML-based document formats to embed metadata in Web publications.
In addition to this, they implemented microdata formats directly from web
pages, which made use of vocabulary that was provided by schema.org. As
more time passed, Google’s knowledge graphs evolved into a complementary
feature to the company’s string-based search interface, and more individuals
began to use the latter. Since that time, a great number of major corpora-
tions have begun to unveil their very own knowledge graphs. Some of the
most well-known of these corporations include Facebook, LinkedIn, Airbnb,
Microsoft, Amazon, Uber, and eBay.|3]

2.2 Introduction

Graphs are highly adaptable in presenting a wide range of data, excelling at
visually representing intricate system architectures and interrelationships|4].
Over the last decade, considerable effort has been invested in developing
search engines that can query graphs and comprehend their semantic re-
lationships. This study contributes to the continuous efforts that seek to
optimize the capacity of graphs to depict human knowledge[5]. A subset
of RDF2 graphs is indispensable when developing knowledge bases. By en-
suring semantic consistency in constructing knowledge repositories, ontolo-
gies improve accessibility[6]. RDF graphs enable the systematic depiction
of domain expertise after establishing an ontology. Subsequent develop-
ments in machine learning facilitate the retrieval of concealed data from these
graphs, thereby resolving the difficulty of constructing significant representa-
tions during entities and relationships. Subsequently, these representations
may be employed to deduce new connections within a graph or to classify
unidentified nodes.[7] In today’s information-based society, data is the fuel
that keeps everything moving. It is the fuel that drives today’s information
economy. Insights, well-considered judgments, and technical progress are all
locked away in data. Our information and advancements in the digital age
are only possible with datal8]. Information, whether numerical, linguistic,
pictorial, auditory, or otherwise, is the building block of the data. These
facts and figures, sometimes known as "data points," are the foundation for
all subsequent learning and comprehension. There are two main types of
data: structured, like database entries, and unstructured, like the words in
a book or the pixels in an image. Information is the driving force behind
many operations in the computer and IT industries|9]. Data is gathered,
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saved, processed, and analyzed so that conclusions can be drawn, decisions
can be made, and intelligent applications may be run. Knowledge graphs,
which provide a systematic approach to describe and connect data points
to construct a web of knowledge, are one of the exciting ways data is used
in the digital world. Knowledge graphs serve as a road map of interrelated
data points for use in any number of contexts, including but not limited to
research, corporate intelligence, and general information retrieval[10]. Under-
standing the basics of data is crucial to appreciating the value and potential
of knowledge graphs. This chapter lays the groundwork for further investi-
gation into knowledge graphs as we delve into the complexities of data and
its revolutionary role in the modern digital era.

2.3 Understanding Graphs

2.3.1 Knowledge Graph

A visual created to represent words, particularly the relationship between
two or more quantities, is known as a graph as shown in Figure 2.1a and
Figure 2.1b.

A graph is a type of data structure that is used in the fields of mathematics
and computer science. It comprises a collection of nodes (also known as
vertices) connected by edges (also known as links). Every edge creates a
relationship between two nodes, demonstrating that those nodes are linked
or connected somehow.

hu LH a
da

:. -“J : | ) ﬁ |
(a) Knowledge Graph (b) Knowledge Node Connection

Figure 2.1: Knowledge Graph and Node Connection
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nodes (or vertices)

\
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(or links)
T

Figure 2.2: Knowledge Graph Nodes

Node

Nodes are the essential building blocks of a graph. They are often referred
to as vertices. They are meant to symbolize separate entities or points of
interest. One way to think of nodes as data points, while another is as
locations. Nodes could stand in for a wide variety of things across various
applications as shown in Figure 2.2. This includes cities on a map, individuals
on a social network, and variables in a mathematical model. *

Edges

Edges, called links, are the connections or relationships between two graph
nodes. They are symbolic representations of the relationships|[11], or interac-
tions, between the entities portrayed by the nodes. Edges in a graph can be
directed or undirected, weighted or unweighted, and their meanings might
vary depending on the context in which the graph is being interpreted. For
instance, edges in a graph representing a social network|[12] might stand for
undirected friendships. In contrast, edges representing a transportation net-
work denote roads or routes and are normally intended to be followed as
shown in Figure 2.3 2 Graph technologies have emerged as a game-changing
means for businesses of all sizes to solve needs that can’t be adequately ad-
dressed by traditional approaches, at least not effectively[13|. Gartner has
chosen graphs as one of their top analytics and data trends for the past
two years due to their substantial potential for disruption. In the modern
world, businesses understand they must innovate or risk falling behind the
competition.[14, 15| Relationships and linkages between different data ele-
ments can be visualized using graphs. Data analysis can take advantage of
the connections and relationships in question[16]. A significant amount of
data is interconnected, and graphs are gaining more and more significance be-
cause they make it simpler to investigate these interconnections and arrive at

Lhttps : //mathinsight.org/de finition/network,ode
Zhttps:/ /mathworld.wolfram.com
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fresh inferences.In Figure 3.2 Relationships can be represented using graph
models obtained from graphs and graph databases. They enable users to
perform pattern recognition, classification, statistical analysis, and machine
learning on these models, enabling more efficient analysis at scale when ap-
plied to huge amounts of data|17]. Algorithms investigate the pathways and
distance between the vertices, the relevance of the vertices, and the clustering
of the vertices when it comes to the analysis of graphs. When identifying a
node’s significance, the algorithms will frequently consider incoming edges,
the relevance of neighboring vertices, and several other signs. Queries and
algorithms that use the connection between vertices can be executed in a
matter of sub-seconds rather than hours or days, thanks to graph databases
explicitly preserving relationships. Users no longer need to run many joins,
and the data can be used more for analysis and machine learning. This makes
it possible to understand more about the world in which we live.

A knowledge graph is a knowledge base that integrates information
through a graph-structured data model or topology[18]. Knowledge graphs
are commonly used to hold interrelated descriptions of phenomena, such as
things, events, circumstances, or abstract concepts, while also capturing the

nodes

Figure 2.4: Knowledge Graph
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semantics behind the terminology employed. KG consists of interlinked de-
scriptions of entities, objects, events, and concepts. The knowledge graph is
a framework for Linking semantic metadata that provides data integration,
analytics, unification, and sharing[19]. Descriptions are formal semantics
that process the information efficiently and ambiguously. Entity descrip-
tions form a network in which each entity represents a related description of
entities and the context of their interpretation.[20] Since the advent of the
Semantic Web, knowledge graphs have frequently been linked to open data
initiatives. These projects center on the connections that exist between var-
ious concepts and entities. They are also prominently associated with and
used by search engines such as Google, Bing, Yext, and Yahoo; knowledge
engines and question-answering services such as Wolfram Alpha, Apple’s Siri,
and Amazon Alexa; and social networks like LinkedIn and Facebook. In ad-
dition, they are prominently associated with and used by search engines such
as Google, Bing, Yext, and Yahoo.

2.3.2 The Birth of Machine Learning: Arthur Lee
Samuel’s Pioneering Work

With his pioneering self-learning English draughts software, IBM computer
scientist Arthur Lee Samuel coined "machine learning" in 1959. This dis-
tinguished machine learning from classical Al, which focused on mimicking
sophisticated cognitive tasks like reasoning and language processing. The
paradigm change that emphasized machine learning directly from data de-
fined machine learning and sparked controversies|21]. To gain insights from
data, machine learning practitioners used pattern recognition, a subfield of
statistics. Pattern recognition, which finds latent data features, inspired ma-
chine learning algorithms.

2.3.3 Evolution of Data Representation in Machine
Learning

Early machine learning relied less on prior knowledge and used pattern recog-
nition rules like attribute-value or propositional data. This pattern persisted
in the 20th century[22]. Around the turn of the 21st century, interest in
more expressive data representations and models that could handle complex
data structures returned. The knowledge graph is a potential data architec-
ture for representing complex data interactions. This newfound interest in
knowledge graphs and expressive data models marks a major shift in ma-
chine learning [19]. Google’s 2012 use of the term "knowledge graph" to
describe a data architecture in which knowledge, information, and data [23]
are encoded in graph form has helped popularize the word. The adaptabil-
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ity of graph models relieves knowledge engineers of the obligation to force
their information into a predetermined shape. It allows them to organize
their data in any way they see suitable. This natural manner of modeling
knowledge allows knowledge engineers to articulate complicated items with
minimal information loss.

2.3.4 Significance of Knowledge Graphs

Knowledge graphs, which have recently become an important component of
artificial intelligence, have been the subject of much academic investigation.
[10]Even though knowledge graphs are inextricably tied to machine learning
and Semantic Web technologies, big data and analytics, and cloud comput-
ing, the concept of a knowledge graph has existed since 1972. When there
was a demand for instructional systems development for different types of
classes, the conversation around knowledge graphs began. The universities
of Groningen and Twente in the Netherlands initiated a workshop known
as Knowledge Graphs around the end of 1980. The workshop aimed to de-
sign semantic networks with limited relations solely to simplify algebras on
the graph. As a result of this endeavor, semantic networks, and knowledge
graphs|[10] became confused with one another.

2.3.5 Knowledge Graphs in the Semantic Web and Be-
yond

Knowledge graphs, which are the most relevant exponent of the application of
Semantic Web technologies, have gained speed as a result of the explosion of
available data and the necessity for expressive formalisms to combine factual
knowledge that is scattered across a variety of data sources .The increasing
number of scientific publications that reference public knowledge graphs like
DBpedia2 and Wikidata3 and the growing number of daily hits on these sites
provide evidence of the spectrum of opportunities these graphs bring into the
industrial, public administration, and scientific landscape[10]. Even though
these findings vouch for the viability of Semantic Web technologies, they
also call for creating computational tools that will enable knowledge graphs
to accommodate the massive increase in data anticipated over the next few
years. According to Bizer et al. (2011), the first step that needs to be solved
to start viewing the Web as one integrated overall database is the proposal
of reliable methods capable of integrating numerous data sources across the

Web.
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2.4 Key characteristics

The knowledge graph contains the following data management paradigms.
Database data can be manipulated via structured queries|24]. The graph is
a collection of nodes that can be analyzed as a network data structure. The
knowledge base comprises formal semantics, which can be used to infer new
facts and interpretations. Knowledge graphs are represented in RDF, the best
framework combining data integration, unification, linking, and reuse[25].
Expressivity: The standards Semantic web stack RDF and OWL. OWL
is the language that represents various types of data or content. Content
comprises data schema, metadata, taxonomies, and vocabularies reference to
master data. The RDF is the language which is used to model structured
metadata.

Performance: it is an important metric in KG to efficiently manage graphs,
graphs containing billions of nodes, facts, and properties. Interoperability
is specifications for data serialization, access, and management (SPARQL
Graph Store). Globally unique identifiers are used to facilitate data integra-
tion and publishing.

Standardization: all the requirements from logicians to enterprise data
management professionals and system operations teams are satisfied accord-
ing to the W3C community process. 3
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Figure 2.5: Example of Knowledge Graph

3https://www.ontotext.com/knowledgehub/fundamentals /what-is-a-knowledge-
graph/
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2.5 Ontologies and Formal Semantics

Knowledge graphs and ontologies are fundamental components that un-
derpin the structure and depiction of data in the semantic web domain.
Notwithstanding the continuous discourse surrounding their subtle distinc-
tions, both are indispensable constituents striving to formalize entities within
a graph[26]. Ontologies frequently founded on taxonomies such as the Web
Ontology Language (OWL), which is extensively utilized, provide a struc-
tured schema. They fulfill a pivotal function within knowledge graphs by
serving as the contractual link that connects the graph to the semantic sig-
nificance of its data|27]. Ontologies, which comprise categories, classes, re-
lationship types, and free text descriptions, offer a comprehensive structure
for the accurate analysis and interpretation of data. In contrast to popular
belief, not all graphs possess the qualities that define a knowledge graph. For
example, statistical RDF data might not possess the essential level of seman-
tic profundity. One possible limitation of knowledge graphs is that they may
capture extra semantic information, leading to redundant data and height-
ened intricacy|26]. Prominent instances of large knowledge graphs comprise
Fact Forge, Google Knowledge Graph, DBpedia, Geonames, and WordNet,
all of which contribute substantial domain expertise. RDF and RDF graph
databases are essential in integrating and extracting diverse data from numer-
ous sources, guaranteeing the resilient management of enormous datasets. In-
corporating text-mining methodologies improves knowledge graphs’ function-
alities by extracting significant insights from factual data and methodically
presenting them. Using semantic annotations obtained through text anal-
ysis enhances knowledge graphs’ functionality in search, visualization, and
analytics. Knowledge graphs find wide-ranging utility in various domains,
including but not limited to recommendation systems, semantic search, in-
vestment market intelligence, and advanced drug safety analytics. Knowledge
graphs remedy difficulties associated with content labeling, classification, and
recommendations by providing interconnected descriptions of entities. Fun-
damentally, knowledge graphs and ontologies establish a mutually beneficial
association, collaborating to enhance the accuracy, consistency, and integra-
tion of information depiction within the continuously developing domain of
the semantic web. 4

Ahttps 1 //accidental —taxonomist.blogspot.com/2019/05/knowledge — graphs — and —
ontologies.html
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Figure 2.6: Example of Knowledge Graph

2.6 Methodology of Building Knowledge
Graph

There are ten steps to follow to create a KG. In the first step, we clarified
the business domain and elicited the requirement. Requirements belong to
the domain experts and the knowledge domain. The collection of the re-
quirements is based on Establishing the goal. The requirements Are the
most important component in building our knowledge graph. We collect
the information and define this research question to be answered. In step
two, we gather and analyze the relevant data; we discover the data set and
the relevant information, which is open source and commercially available at
our convenience. Data would facilitate the developer in achieving its goal in
terms of domain, scope, and maintenance. The third step is data cleansing
to ensure its quality. Data preprocessing Is the most complicated and com-
plex job. It takes 80% of the whole effort to develop a knowledge graph. In
this phase, we remove the redundant and duplicate data to maintain quality
and integrate|28| it to make it applicable to the task. This includes remov-
ing meaningless or invalid entries, fixing inconsistencies, and adjusting the
data fields. In the first step, we get a semantic data model by analyzing
it thoroughly. The purpose of this model is to prepare for harmonizing the
data. Ontologies are Engineered by the domain experts Using RDF. For-
malize the data models. Enable standards such as OWL and RDF schema.
Determine which datasets, taxonomies, and other types of information (pro-
prietary, open, or commercially available) would be most helpful to you in
achieving your goal in terms of domain, scope, provenance, maintenance, and
other factors. Fixing any data quality problems will make it more relevant to
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the work you need to do. This includes eliminating entries that are invalid or
have no meaning, modifying data fields so that they may support numerous
values, resolving inconsistencies, and other similar tasks. Conduct a careful
analysis of the various data schemata to prepare for the data harmonization
process. Reuse or reengineer ontologies, application profiles, RDF shapes,
or any other mechanism to use them together in conjunction with one an-
other. Create a formal representation of your data using industry standards
such as RDF Schema and OWL. In the fifth step, we integrate data with
etl or virtualization by applying etl tools. Etl tools convert data to RDF.
Further, it is also used by noETL, OBDA, and GraphQL Technologies for
data virtualization’s usability. Semantic metadata is created for easier data
re-usability, update, and discovery. In the sixth step, we harmonize the data
via fusion reconciliation and alignment. The same entity Descriptions match
across the data set. It handles overlapping scopes and attributes and merges
the information to map their taxonomies. In the seventh step, we Formu-
late the data management and search layer by merging different graphs via
RDF. The data is stored in graph DB efficiently by keeping the Semantics
of the data model in place. It provides consistency, reasoning, and checking
the validation of the data. It is a cluster that efficiently assists us in data
search with search engines and harnesses its performance. In the eight steps,
we create graphs by applying reasoning and text analytics techniques. We
extract the data from the entities and their relationships from the text data.
We create new information with inference and graph analytics techniques.
Now, the graph has more meaningful information than the previous graph.
The graph is well connected, well managed, and has more content ready for
deeper analytics. In the ninth step, we maximize the usability of the data
and are ready to provide the answers to the original questions Via SPARQL
queries. It ensures the data is FAIR. It is easy to use, finds the optimal
semantic search, and provides GraphQL interface end data visualization. In
the final step, the knowledge graph is ready to use and is easy to maintain and
evolve. KG Always needs to be updated and maintained according to the new
requirements So it is never outdated. Knowledge graphs are the ideal tool for
knowledge reasoning, such as making inferences from the data represented
in machine learning. In a crucial blog post 2012, Google announced that its
knowledge graph would allow users to search for objects, not strings. Previ-
ously, when a user searched for "Taj Mahal," the search engine tried to match
both parts (words) with all the documents it possessed. The user is looking
for a specific "thing," such as the Agra monument, an Indian restaurant,
or a Grammy-winning performer. The results customers want when look-
ing for certain objects include celebrities, cities, geographical characteristics,
events, and movies. Getting back information that is relevant to the inquiry
improves the user experience. Google used it in its core business, web search.
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A structured knowledge card is a small box containing summary information
about things that may correspond to the search query. The search was the
start. After Google’s blog post, knowledge graphs appeared in databases, the
Semantic Web, Al social media, and enterprise information systems. Various
initiatives have extended and developed Google’s basic concepts over time.
With new methodologies and technologies, the knowledge graph concept has
become substantially larger. Various types of entities and their attributes
make up a knowledge graph. According to this definition, an entity can be
an individual, a company, a site (like the Taj Mahal), a sporting event, or
even a book or movie (like in the case of a recommendation engine). There
are a variety of attributes that could be assigned to an object. When it comes
to an individual, these characteristics include their name, address, birth date,
and so on. Relationships connect entities. For example, a person who works
for a corporation likes a page or follows another individual. Using relations to
connect two different knowledge graphs is another useful application of this
concept. Knowledge graphs differ from other knowledge-oriented information
systems because they use a unique set of structures and reasoning to store
and use knowledge. Some of these structures and reasoning are languages,
schemas, standard vocabularies, and hierarchies of concepts. Information
management is a set of steps (how information is ingested and transformed
into a knowledge graph) Patterns that can be accessed and processed, such
as query mechanisms, search algorithms, and pre-and post-processing tech-
niques. Knowledge graphs are often represented using a Resource Description
Framework (RDF') data format, but we will use a label property graph (LPG)
instead.[29] As a W3C standard for data interchange, RDF is a language for
expressing web resources, such as the name of a web page or copyright and
license information for web content. RDF can represent information about
other objects, such as an online shop’s products or a user’s preferences for in-
formation delivery, by generalizing the concept of a web resource. Any RDF
statement is made up of triples, each consisting of a subject, predicate,|30|
and object. The subject is a resource (a node in the graph), the predicate
is an arc (a relationship), and the object is another node or a literal value.
An RDF document is meant to be processed by applications rather than just
displayed to users. So that data may be exchanged between applications, it
provides a common framework for representing data. An LPG is designed to
store complex graphs by compactly leveraging relationships and nodes with
their characteristics.LPGs can express knowledge graphs better than RDF
graphs. This chapter focuses on creating and accessing a knowledge graph
using textual data. Making knowledge graphs from structured data is much
easier. After obtaining a knowledge graph from text, it is postprocessed or
enriched to extract insights and wisdom. Recognition of key entities and
their relationships will be incorporated into the techniques for extracting
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structures from text. A knowledge graph can only be created using these
strategies. It is important[31] to infer a general model that encapsulates this
information, abstracting from the instances in the text, because the same
entities and connections tend to recur. An inferred knowledge graph is the
name given to this model. Machine learning techniques and AI applications
can all benefit from this knowledge base, which can be employed in various
ways. A semantic network is one of the most prevalent ways to express a
knowledge base.

2.6.1 Knowledge graph building: Entities

When creating a knowledge graph from textual data, it is essential to recog-
nize the entities in the text. Consider the following scenario: you have a set
of papers (for example, from Wikipedia), and you are tasked with identifying
the names of persons or other entities related to your domain mentioned in
those articles, such as locations, organizations, and so on. When this infor-
mation has been extracted, it is necessary to make it easily available using
a graph for further research. Recognizing and classifying named entities in
texts is the goal of named entity recognition (NER) [32].According to the
domain in which you are working, you should include things like street ad-
dresses and times as well as chemical formulas and mathematical formulas in
your NE types; in short, anything important to your application. Anything
that can be identified by its proper name and relevant to our analysis can be
considered a NNE. It’s possible to recognize patients, ailments, treatments,
drugs, hospitals, and so on if you're processing electronic medical informa-
tion for some healthcare use case, for example. Extralinguistic structure is a
term that refers to the fact that many named items are composed according
to rules that differ from the general laws of language. Non-entities like dates,
periods, and currencies can also fall under the umbrella of the term "entity"
in some contexts. Types like PERSON, DATE, NUMBER, or LOCATION
are all associated with specific NEs. Different sorts of an entity can be associ-
ated with it depending on its domain. For example, when all the nouns (NEs)
in a text are retrieved, we may conclude that "United Airlines," "United,"
and "United" all refer to the same corporation .Assume for a moment that
you have this document: Figure 2.18 Pierre and Marie Curie’s wife received
the Nobel Prize in Chemistry in 1911 for her pioneering work. In 1903, she
received the Nobel Prize in Physics for her work in atomic physics.[33] If we
are interested in all the entities, a proper NE recognition result should be
able to recognize and classify the names “Marie Curie" and "Pierre Curie"
as person names, the names "Nobel Prize in Chemistry" and "Nobel Prize
in Physics" as prize names, and "1911" and "1903" as dates. In contrast to
people, machines have a difficult time with this task. Use an NE visualizer
like the free and open-source display to have a go. Although the awards
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Marie Curie rerson | | wife of |Pierre Curie rerson | | received
191

awarded the Nobel Prize in Physics woscorart  in 903

the Nobel Prize in Chemistry workorasr  in . She had previously been

Figure 2.7: Marie Curie

are considered "pieces of art," it’s interesting to note that the service could
identify all the sentence elements without any tuning. The NER job can
easily be added to the graph model. New nodes with the label NamedEntity
should be added, including the entity’s name.

Extraction of the document’s entities. In the case of Marie Curie, for
example, "Marie" and "Curie" are two Tag Occurrence nodes linked to each
other. In the Named Entity nodes, "Marie Curie" can appear multiple times
in the text. "Marie Curie" as a Person is a special node that can be linked
to all of them. Our data model may easily be extended to store the results
of an NER task as a graph. As you can see, the modifications are minimal
in the pipeline and the code for saving the NER result. SpaCy includes its
own basic NE models, which we utilized in this code, but it also allows you
to create your own. 12.1 NER task addition to model. Extracts and stores
named entities as a new phase. The function extracts named entities from
the NLP result. The function saves the graph’s entities. [34|The query cy-
cles across the entities, creating new nodes and linking them to the NE’s tags
and creating a K-graph Entities 397 train new NER models with annotated
sentence samples. See the spaCy documentation. The name is commonly
abbreviated when a person, place, or thing is mentioned more than once.
We might see a shortened name ("Mme. Curie"), a pronoun ("she"), or
a descriptive phrase ("the recognized scientist") instead. The issue now is
identifying and extracting these associations from plain text. We can add
another requirement to our scenario. Assume you want to optimize access
patterns by including all named entity mentions. The following phrase con-
nects "she" with "Marie Curie" as an example: In 1903, Marie Curie won
the Nobel Prize for Physics. She was the first woman and individual (male
or female) to win the award twice. This is done by coreference resolution,
which is the challenge of recognizing relationships between entity references
in a text, whether they are nouns or pronouns. We prefer subjects over
objects, words closer to the pronoun in the text, and words that can plau-
sibly arise in the context of the pronoun. However, the ultimate criteria for
coreference resolution are usually based on gathering statistics across many
texts from the corpus or utilizing machine learning classifiers. Co-referential
word linking is more challenging. A few simple examples employ the same
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Figure 2.8: Graph Model with co-reference Resolution
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noun multiple times, but most involve a basic understanding of the world,
depending on what words have been used elsewhere. This method converts
"the recognized Polish scientist" to "Marie Curie” and "the prize" to "the
Nobel Prize." This book does not cover these methods because the NLP li-
braries used in our codebase have their own implementations for coreference
resolution. The focus is on how to model and make the most of the results.

.......................... e e mnr ey ———————————————————————— . ——— DR A n A e n e nenmnn i n
.P.Em-nn'- (Menthon’
Marie Curie received the Mobel Prize in Physic in 1903 .
S TRITT,
R wane)
She became the first woman to win the prize and the first person -- man or woman -- to win the award twice .

Figure 2.9: Example of Marie Curie

For example, we can link pronouns and other references to the real enti-
ties they refer to in our network model. A co-reference resolution has been
added to our model in Figure. When it comes to adapting a model to new
requirements, graphs provide the required flexibility to do so with minimal
effort while maintaining the existing access patterns. Named Entity nodes
are connected via the MENTIONS relationship. When the key NEs are not
explicitly named, the coreference connections can link them to the sources.
NEs and coreferences are vital in knowledge graph construction. Both are
first-class objects that represent entity occurrences in text and their rela-
tionships. To increase the graph’s knowledge extraction quality, we must
abstract from these text occurrences and repeatedly identify the essential
entities alluded to in the text. The discourse model is a mental model that
the system builds incrementally as it processes text from a corpus (or, in
the case of a human hearer, from a dialogue) and contains representations of
the entities referred to in the text, as well as properties of the entities and
relations among them. Two mentions co-refer if they refer to the same entity.
The discourse model concept can be used to increase access to knowledge in
a knowledge network. As shown in the Figure, we can construct an inferred
knowledge graph containing unique representations of the entities alluded to
in the processed text and their attributes and connections.

In contrast to the main body of the knowledge graph, which consists
of the decomposition of text in the corpus and, eventually, the structured
data reorganized in the graph model, this second part, which is connected
to the first, provides answers to different questions and supports multiple
services without the need to navigate the graph. This inferred knowledge
network comprises an easy-to-share representation of knowledge not directly
tied to the individual instances (the documents) from which this knowledge is
extracted. You can do the following queries in our graph database: Find the
distinct types of named entities produced. Count the times each kind is used,
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Knowledge graph

then take the first three. Count the number of instances of Organization
entities in the inferred knowledge network. How many people are there?
Because the system should aggregate these while generating the inferred
graph, fewer of them should exist.

2.6.2 Knowledge graph building: Relationships

A knowledge graph’s value is greatly enhanced when the relationships be-
tween the entities that have been identified can be detected, as this greatly
enhances both the insights that can be obtained from the graph and the ac-
cessible access patterns. This step is essential to generate a meaningful graph
from a text since it allows you to connect the entities and browse them effec-
tively. The variety of queries you can run, and the variety of questions it can
answer will greatly rise[35]. In order to make the content more accessible for
both humans and machines, consider identifying relationships between the
extracted entities that highlight links between them—such as linkages be-
tween a reward and who received it, or between a corporation and the people
who work there. You must be able to identify individual entities and the
links between them to answer questions like, "What is the most likely diag-
nosis based on the symptoms a patient has?" There are various methods for
accomplishing this work, some more complicated than others, and some ne-
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cessitate supervision (labeling sample relationships to create a training set).
Regarding relation extraction, lexico-syntactic patterns are the most com-
mon. Syntactic relationships between tokens or specified tag sequences are
mapped into a collection of meaningful (for the use case) relations between
key named entities|36]. This task may appear difficult, and it is in some cases,
but having a graph model aids greatly. A set of semantic analysis rules can
approximate this by mapping a subgraph of the syntactic graph (such as a
piece of the graph having syntactic relationships between important entities)
into a database relation applied to the associated entities. Consider the fol-
lowing sentence: Marie Curie received the Nobel Prize in Physics in 1903.
According to the results of the syntactic analysis, the verb "received" has the
subject "Marie Curie" and the object "the Nobel Prize." A possible pattern
would map this syntactic structure into the semantic predicate.

(verb: receive, subject: p:

Person,
(relationship:\Rightarrow RECEIVE_PRIZE,

object: a:

Prize) -
from p, to:a)

Here, "receive" is a verb in English, while RECEIVE PRIZE is a rela-
tionship type (a semantic relation) in English. Cypher, a graph-based query
language, makes expressing these kinds of patterns easy. We’re going to make

a graph out of the data we have.
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Figure 2.12: graph-based query language

It is essential to obtain all the sub graphs matching the pattern we are

looking for with the following query.

MATCH (verb:
WITH verb

TagOccurrence {pos:

" VBD , n

lemma:"receive"})

MATCH p=(verb)-[:IS_DEPENDENT {type:"nsubj"}]->
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(subject)—-[:PARTICIPATES_IN]->
\Rightarrow (person:NamedEntity {type: "PERSON"})
MATCH g=(verb)-[:IS_DEPENDENT {type:"dobij"}]->

(object)-[:PARTICIPATES_IN]->
(woa:NamedEntity {type: "WORK_OF_ART"})
RETURN verb, person, woa, p, g

Figure 2.13: Query

For example, the pattern must define that Person and Prize are the sub-
ject and object, respectively; this is done by specifying their semantic kinds,
which is to say, the entity type. For our case, the type of art is "piece of
art," and having a better NER model would be helpful. When it comes
to receiving, "receive" indicates a wide range of relationships, and we don’t
want those relationships to be converted into the RECEIVE PRIZE rela-
tionship. Many alternative patterns are needed to capture the wide range of
expressions representing this information, such as using various words and
phrases.

(relationship: "win", subject: p:Person, object: a:Prize) =
(relationship: RECEIVE_PRIZE, from: p, to:a)
(relationship: "award", indirect-object: p:Person, object: a:Prize)

(relationship: RECEIVE_PRIZE, from: p, to:a)

It’s worth noting that (“The Committee awarded the prize to Marie
Curie”) is the indirect object in this case. As well as a pattern for the
active form (“The prize was awarded to Marie Curie”), we’d need a syntactic
regularization phase to turn passive phrases into active ones.

(relationship: "was awarded", object: a:Prize,
indirect-object: p:Person) -
(relationship: RECEIVE_PRIZE, from: p, to: a)

-
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After extracting these relationships, they must be stored in the graph model
we created. Schema changes are shown in

After extracting these relationships, they must be stored in the graph
model we created. Schema changes are shown in Figure. A list of the rules
for transforming semantic relationships into relationships of interest poses a
dual problem: Many ways of expressing semantic relationships make it diffi-
cult to comprehensively address them. For example, a single predicate may
have various meanings in different contexts. For example, if we’'re compil-
ing records of military operations, we’ll likely want to include references to
"strike" and "hit" in war literature but not in sports accounts. Alternatively,
we may want to require some arguments and allow others to be left up to
the reader. Other methods may be employed to overcome these issues. Most
of these methods are supervised, requiring human guidance to learn. The
most typical method uses classifiers to determine the link (or lack thereof)
between NEs. It can be done using machine learning or deep learning algo-
rithms, but what should the input be? A corpus of entities and relations is
needed to train the classifier. Then, for each pair of entities in a sentence,
we either record the relation connecting them or indicate that they are not
connected. The former are positive training examples, whereas the latter are
negative. Applying the classifier to a fresh test text extracts associations
between entity mentions in the same sentence. Despite its effectiveness, this
method has a major drawback: the volume of data necessary for training. A
third strategy combines pattern-based and supervised approaches, employing
pattern-based to bootstrap the classifier. If the interconnections are kept as
connections between NEs in the knowledge graph representing the text, it
is possible to project these relationships onto the previously stated inferred
knowledge network. Here, the links should connect entities|[37|. In defining
the model, remember that the relationship must be defined. One issue is
that most graph databases today, including Neo4j, only allow two-way rela-
tionships. But in this situation, we want to connect more and return to the
source. Solves this problem: It’s possible to trace the relationship between
two entities by adding characteristics such as a list of IDs identifying the NEs
connected. Include some information in the relationship as characteristics
that will help us to trace back to the point of genesis of the connection be-
tween two entities, such as a list of IDs denoting the NEs that are connected.
Create nodes to represent the relationships between the nodes. However,
these Relationship nodes will materialize the connections between entities,
and we can connect them to other nodes, even though we can’t connect to
relationships. As a result, the recommended schema (Figure) is based on
the second method, which is less verbose regarding the number of nodes but
significantly harder to navigate. Inferred knowledge graphs significantly im-
pact your graph’s navigability and the types of access patterns it can allow.
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In our example with Marie Curie, suppose you’ve analyzed a big corpus of
writings and want to discover which physicists have earned a Nobel Prize.

MATCH (Nobel Prize:Entity {type:"WORK_OF_ART"})
<-[:TO]-(rel:Relationship

\Rightarrow {type: "RECEIVE_PRIZE"})-[:FROM]—>
(winner:Entity {type: "PERSON"})

WHERE Nobel prize.id CONTAINS

"the Nobel Prize in Physics."

RETURN winner

The rel node can also locate all the text that demonstrates this relationship.
There are many ways in which the original content in the corpus may be
accessed, and questions can be answered using the knowledge graph we have
constructed. We must convert the original text into a different format to
perform most of these tasks. The inferred knowledge graph offers a second
layer that makes it easier to traverse the distilled knowledge by identifying
NEs and the interactions between them. In a text, a graph visually represents
the most important ideas.
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Semantic Network

Much information has been retrieved from the text and converted into knowl-
edge ready to be utilized in our current knowledge graph. This purified
information is discovered when more and more texts are parsed and pro-
cessed into the inferred knowledge graph. This knowledge structure should
be examined when it comes to creating new, enhanced services for end con-
sumers. Many fascinating features, such as automated reasoning, may be
added on top of a knowledge graph. Symbolic AI’s knowledge representation
and reasoning branch tries to develop computer systems that can reason (like
humans) based on an interpretable machine representation of the subject of
interest|38]. There are no physical objects, events, relationships, or other
domain artifacts to represent in this computer model. Graphs with nodes
representing concepts and arcs representing relationships between those con-
cepts are standard representations for such knowledge systems. Through
semantic networks, it’s possible to "abstract from natural language, repre-
senting the knowledge that is captured in text in a form more appropriate
for computers".[39] Concepts are used to represent nouns, while verb phrases
are used to represent relationships in such a text. Let’s revisit the previous
example to see what I mean. In the illustration, a semantic network is
depicted.|39] “Marie Curie, the famous scientist, received the Nobel Prize in
Physics in 1903.”

Figure 2.16: Nodes of KG

That’s exactly how the inferred knowledge graph is structured. Keeping
track of sources is essential if we want to understand why relationships are
formed; thus, we make the relationships tangible. As a result, the inferred
knowledge graph is a semantic network, although a reduced one, because,
in our schema, we materialize the links to keep track of the source of each
inferred relation. When it comes to extracting the semantic network from
an inferred knowledge graph, we consider it a specific process that removes
all the overhead associated with mapping relationships to their source and
keeps only those concepts and relationships relevant, such as by considering
how frequently they appear in the original corpus.
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A semantic network’s content is determined based on the concepts and
relationships relevant to your field of study and your desired result. The
inferred knowledge graph derived from the existing big graph is what we’re
using to construct our semantic network. As part of the extraction process,
removing some of the relationship nodes and replacing them with more ap-
propriate ones may be possible. Using the corpus, you have always been
able to create a semantic network that meets all your requirements. Generic
semantic networks are available to the general population. Many people
utilize[40| ConceptNet5 as "a knowledge representation project, providing a
vast semantic graph that describes generic human knowledge and how it is
expressed in natural language" (Speer and Havasi, 2013) by its developers.
Expert-created resources, crowdsourcing, and games are all included in the
graph’s collection of knowledge. Concept Net’s ability to better understand
the meanings of words people use can improve natural language applications.

2.7 Categories of Knowledge Graph

As of 2012, the Google Knowledge Graph had been announced "[A graph]
that understands real-world items and their relationships to one another"
how the knowledge graph is described in the initial announcement. It wasn’t
long before "knowledge graphs" began to appear often in academic papers.
In the words of Bergman Google’s announcement of the "knowledge graph"
was a watershed moment [19]. Although the statement was made informally,
a technical description was not provided. Because of the increasing atten-
tion given to knowledge graphs in academic literature, the need for formal
definitions arose to accurately characterize what they were, how they were
built, how they could be used, and more generally to enable their study in a
precise way. We can classify definitions into four general types.
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Figure 2.18: Categories of Knowledge Graph

2.7.1 Category 1

Knowledge graphs are graphs with nodes representing entities and edges rep-
resenting relationships between those nodes. In many cases, it is assumed
that a directed edge graph with named edges exists (analogously, a set of bi-
nary relations or triples).[41] As a short-hand way to describe the data struc-
ture upon which these embeddings work, some seminal articles on knowledge
graph embeddings popularized this definition. Many subsequent studies on
knowledge network embeddings have continued to adopt this definition, as
shown in the survey by Wang et al. Despite its simplicity, there are some
questions about the Category I definition: What is the difference between a

graph (database) and a knowledge graph? What is the role of knowledge in
this situation?

2.7.2 Category 2

One of the most prevalent definitions of this category is as follows: As far as
we know|23|, the first academic papers to use the term "knowledge graph"
(a graph-structured knowledge base) (interestingly, a knowledge graph is
defined analogously to a directed edge-labeled graph in the formal notation
of these initial papers). So, what exactly is a "knowledge base" if this is
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the case? The term "knowledge base" was first used in the context of rule-
based expert systems in the 1970s (or earlier)[42], and later in the context of
ontologies and other logical formalisms . Is it possible to maintain the original
definitions while maintaining a graph-structured database (or any other type
of structure, for that matter) without a logical formalism? On the other
hand, the notion of a "knowledge base" has been a source of confusion in the
past (KB). Notably, Brachman and Levesque (1986) argue that "if we ask
what the KB teaches us about the world, we are asking about its Knowledge
Level" in their report following a workshop on this topic.

2.7.3 Category 3

The third category of definitions outlines other technical features that a
"knowledge graph" should meet. Paulheim lists four characteristics that
characterize the knowledge graphs analyzed for the paper. Specifically, a
knowledge graph "mainly describes real-world entities and their interrela-
tions, organized in a graph; defines possible classes and relations of entities in
a schema; allows for potentially interrelating arbitrary entities"; he thus rules
out ontologies without instances (e.g., DOLCE) and word sense graphs (e.g.,
WordNet) as not meeting the first two criteria, while relational databases
do. Ehrlinger and Wof examine "knowledge graph" definitions, criticizing
Category II definitions since knowledge graphs are not synonymous with on-
tologies38, and Google for calling its knowledge graph a "knowledge base".
Ontology, knowledge graph, and knowledge base have all been defined before,
however they offer the following definition: To generate new knowledge, a
knowledge graph collects and organizes data into an ontology. The supply
of reasoning capabilities distinguishes a knowledge graph from an ontology
(considered synonymous with a knowledge base). a knowledge graph is "...a
semi-structured data model characterized by three components: an exten-
sional component, a set of relational constructs for schema and data (which
can be effectively modeled as graphs or generalizations thereof); According
to them, a knowledge graph is a knowledge base supplemented by reasoning,
as defined by Ehrlinger and W&l . Bergman provides a list of further mean-
ings. While having a formal description for knowledge graphs helps to solidify
their study, as Bergman points out, many of these definitions don’t seem to
fit current knowledge graph usage. For example, it is unclear which of these
definitions Google Knowledge Graph would fit (if any). Moreover, many of
the requirements given by such definitions contradict the vast literature on
knowledge graph embeddings.
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2.7.4 Category 4

Unlike the previous three categories, this one uses an extensional definition of
knowledge graphs, defining them by example. Examples of knowledge graphs
are DBpedia, Google’s Knowledge Graph, Freebase, and YAGO. This cate-
gory perhaps avoids the challenge of defining a knowledge graph rather than
supplying one. "Many actual implementations place limitations on the in-
terconnections in knowledge networks by establishing a schema or ontology,"
the paper notes. This allows diverse products and applications to share a
common language and reuse definitions and descriptions created by others.
Their short formal formulation allows developers to infer new facts and build
knowledge". While ontologies and formal representations are not required
for a knowledge graph, we view this concept as matching Category I.

Formal Definitions

Directed Edge-labeled Graph: A directed edge-labeled graph is a tuple
G = (V,E,L), where V < Con is a set of nodes, L < Con is a set of edge
labels, and £ < V x LxV is a set of edges. Con is a Universal set.Con:Denotes
the set of all possible nodes or vertices in the graph G

Set of Directed Labeled Edges: A set of directed labeled edges E <
V x L x V forms a directed edge-labeled graph (V, E, L), in which case
we refer to the graph induced by E if V and L contain all and only those
nodes and edge labels, respectively, used in . Set operators can be applied
to directed edge-labeled graphs; for example, given G1 = (V'1, E1, L1) and
G2 = (V2,E2,L2), G1 U G2 means the directed edge-labeled graph induced
by F1 U E2 in G2.

Heterogeneous Graph: A heterogeneous graph is a tuple Gp =
(V,E,L,{), where V < Con is a set of nodes, L < Con is a set of edges
and node labels, F €V x L x V is a set of edges, and ¢ : V — L maps each
node to a label.

Property Graph: A property graph is a tuple Gp =
(V,E,L,P,U e, l,p), where V. < Con is a set of node ids, F < Con
is a set of edge ids, L < Con is a set of labels, P < Con is a set of properties,
U < Con is a set of values, e : E — V x V maps an edge id to a pair of
node ids, ¢ : V U E — 2L maps a node or edge id to a set of labels, and
p:V UFE — 2P x U maps a node or edge id to a set of property-value pairs.
P: Properties of nodes or edges , U:Values Associated with properties.

Graph Dataset: A named graph is a pair (n,G) where G is a graph,
and n € Coon is a graph name. A graph dataset is a pair D = (Gp, N) where
Gp is a directed edge-labeled graph called the default graph, and N is either
the empty set or a set of named graphs {(ny, G1),. .., (ng, Gx)} (k> 0) such
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that n;, = n;ifand only if i = j (1 <i < k,1 <j <k).
RDF Dataset: In an RDF dataset, each graph is an RDF graph, and
the graph names might be blank nodes or IRIs, as defined by the W3C.

Deductive Knowledge

Graph Interpretations: An interpretation for a graph is defined as a pair
I = (T',-;) where I' = (Vf, Er, Ly) is a graph called the domain graph, and
.1 : Con — Vp U Lr is a partial mapping from constants to terms in the
domain graph.

Graph Models: Let G = (V| E, L) be a directed edge-labeled graph. An
interpretation I = (I, ) satisfies G if V U L < dom(-;), and for all v € V|
vy € Vp; for all l € L, I € Ly; and for all (u,l,v) € E, (ur,l;,v;) € Ep. If I
satisfies GG, we call I a model of G.

Graph Parallel Frameworks

Directed Vector-labeled Graph: A directed vector-labeled graph G =
(V, E, F, \) is defined, where V is a set of nodes, £ € V x V' is a set of edges,
F' is a set of feature vectors, and A : V U E — F labels each node and edge
with a feature vector.

Graph Parallel Framework: A graph parallel framework accepts a
directed graph labeled with feature vectors as input.






Chapter

Automatic Knowledge Graph and
Automatic Feature Engineering

This chapter is dedicated to extracting pertinent features through utilizing
a unique conceptual framework, with a primary emphasis on harnessing the
abundant information accessible on Wikipedia. The method of featured gath-
ering is closely associated with the notion of scanning, in which we method-
ically traverse Wikipedia to acquire relevant features crucial to our research
goals. [43|This methodological framework is a fundamental basis for amass-
ing a wide range of characteristics encompassing all-encompassing insights.
By employing crawling techniques, we can methodically navigate through
Wikipedia, extracting significant features that cover a wide range of subjects
and domains. The attributes sourced from the vast repository of Knowledge
on Wikipedia are crucial in forming a resilient and enlightening knowledge
graph. The knowledge graph depicts the interdependencies and correlations
between the collected attributes, providing a comprehensive perspective of
the information environment. As the discussion progresses through the fol-
lowing chapters, the knowledge graph’s multifaceted applications gain greater
clarity regarding its significance. The knowledge graph contains abstracted
and organized features that form the basis for numerous advanced ideas and
approaches that will be investigated in succeeding sections of our research.
An aspect worthy of mention is the utilization of machine learning algo-
rithms, in which the knowledge graph serves as an abundant repository of
annotated and interrelated data points. This process aids in constructing pre-
dictive models, which empower the system to identify trends, patterns, and
connections within the vast dataset. Furthermore, incorporating automated
artificial intelligence (AutoML) enhances our investigation into the automa-
tion domain by optimizing the model-building and refinement procedure.
The ramifications of the produced knowledge graph transcend the realm of
machine learning and encompass a wide range of practical applications and
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concepts. The extensive capabilities of this system provide opportunities
for implementing natural language processing, semantic search, and seman-
tic analysis. Enhancing comprehension and promoting innovation in various
domains, such as information retrieval and knowledge representation, are
facilitated by the complex network of connections that constitute the knowl-
edge graph. This chapter establishes the foundation for comprehensively
examining characteristics acquired via perusing Wikipedia. The forthcom-
ing chapters will reveal the latent capabilities of these attributes, revealing
profound understandings using machine learning, AutoML, which is an as-
sortment of sophisticated methodologies. The knowledge graph proves to be
an adaptable and dynamic resource, guiding our investigations in domains
such as automation and analysis of semantics, among others.

3.1 Architecture of Automatic Feature Engi-
neering

Knowledge is an essential part of generating the automatic knowledge graph.
For our research, we use BTC crypto data for feature extending and for
developing an automatic knowledge graph of the BTC result data. This can
be done in different steps, as shown in the Figure 4.5.

A critical initial step in our process entails the establishment of a precise
articulation of both business and expert requirements. Once the business
and expertise requirements have been firmly established, the following phase
entails evaluating and selecting datasets. The primary objective is to identify
and select datasets that align with the project’s goals. This may entail con-
ducting a search of preexisting databases or commencing the accumulation of
data. An evaluation, which examines the data for consistency, accuracy, and
completeness while resolving any anomalies, is essential to this stage. Insights
are revealed during the data analysis exploratory phase via statistical sum-
maries or visual representations. After refining raw data, feature engineering
generates appropriate variables for analysis. Thirdly, the integration of sub-
ject expert Knowledge is an essential component. This entails the integration
of data-driven analyses with subject matter expertise through expert consul-
tation. In collaboration with domain specialists, domain-specific feature se-
lection prioritizes variables pertinent to the business context. By performing
a thorough integration, the dataset is brought into conformity with the com-
plexities of the field, thereby improving the comprehensibility of subsequent
findings. Domain specialists are of utmost importance when validating and
interpreting outcomes, guaranteeing that they align with practical require-
ments. The iterative process is a vital link between insights derived from
data and decisions that can be implemented. Following this, as part of our
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methodology, we identified and included pertinent attributes from Wikipedia
pages. This stage entails utilizing the extensive collection of data accessible
on Wikipedia to extract relevant characteristics that are important for the
intended analysis. The selected attributes are paramount in influencing the
knowledge graph and contributing to the subsequent phases of the undertak-
ing. A hierarchical approach is utilized in the feature selection procedure,
predicated on the distance term from the root node. The features are catego-
rized into discrete levels within this hierarchical structure, where each level
corresponds to a unique degree of closeness to the core node. Level 1, Level
2, and Level 3 are the three distinct levels. Level 1 consists of attributes
that are in closest proximity to the root node, thereby signifying the aspects
that are most instant and directly related. As one advances to Levels 2 and
3, the traits exhibit a progressive increase in distance from the root node,
thereby incorporating more extensive and potentially abstract connections.
The purpose of this multitiered structure is to capture the subtleties of prox-
imity and differentiate characteristics that have more distant connections to
the central node from those that are more intricately intertwined with it.
Implementing a hierarchical structure enables a more intricate depiction of
the interconnections among the elements in the dataset, providing a compre-
hensive viewpoint that corresponds to the different levels of significance.

Figure 3.2: Automatic Knowledge Graph

Once the fundamental business and expert criteria are met, the criti-
cal stage of feature acquisition commences with the scouring of Wikipedia
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pages. This pivotal stage is essential for acquiring the necessary characteris-
tics that aid in the subsequent development of an understanding graph. The
scanning mechanism methodically extracts pertinent data and features from
Wikipedia pages to the project’s defined objectives. An essential compo-
nent of this crawling procedure entails extracting relevant data via the "See
also" sections of Wikipedia articles. This segment generally comprises hy-
perlinks to associated subjects, serving as a valuable resource for identifying
interrelated characteristics. The links extracted from this segment form the
basis for constructing a graph that incorporates the interconnections among
different attributes, thereby facilitating a holistic comprehension of their as-
sociations. During the crawling process, the collected data is employed for
the immediate construction of graphs and for strategic storage in the cache
and local storage. The proactive caching mechanism facilitates posterior pro-
cesses, specifically indexing and downloading. Through the implementation
of data storage, the system guarantees streamlined retrieval and application
in subsequent stages, thereby refining the workflow. This algorithm demon-
strates the working of the tool from the initial stage to the crawling step.
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Algorithm 1: Automatic Knowledge Graph

Input

: Functions and their descriptions

Output: None
Variables Initialization:
e language: Object

e Stop words: ["Wikipedia," "Category"|

e Data management: depth, querySetControl, cache management

e color: Array of colors

e cacheTimeManagement: Time management calculation

Crawling and Layout Functions

e Initiate crawling and layout setup

e Halt the current layout if running.

e Initialize new layout settings.

Event Handlers and Input Validation

e Manage click events and legend drawing.

e Validate input parameters and set stop words.

Utility and Conversion Functions

e Include link conversion and stop word filtering.

Management Functions

e Handle not found pages and retries.

e Parse API response and cache links.

e Retrieve and filter links from Wikipedia pages.

Graph Node and Edge Management

e Add nodes and edges to the graph.

e Process and add pending edges to the graph.

Relative Page Retrieval Functions

e Retrieve links for a page.

Validation and Queue Management

e Ensure parent links integrity.

e Periodically process edges queue and execute tasks.

e Stop the crawling process and clear the queue.
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The readily available data that was previously recorded plays a crucial
role in constructing the knowledge graph, which is an essential element of
the automated knowledge graph procedure. Initially, this entails augment-
ing the functionalities of BTC cryptocurrency information by implementing
crawling methodologies on Wikipedia pages to acquire insights about perti-
nent attributes. The features are subsequently extracted, yielding significant
insights into potential attributes relevant to the data of the BTC cryptocur-
rency. This procedure improves our comprehension of the field and enables
the recognition of crucial attributes necessary for a thorough examination.
Initially, we acquired BTC data from Yahoo Finance to construct the knowl-
edge graph. This data generally includes fundamental attributes such as
high, open, and closed. By capitalizing on the Knowledge acquired from
prior sources concerning pertinent characteristics, we enhance this dataset by
including further attributes extracted from the previously mentioned com-
pilation. By incorporating an extensive array of attributes, this procedure
increases the dataset’s comprehensiveness and suitability for examination in
the framework of the knowledge graph.
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Figure 3.3: Automatic Feature Engineering

When these features are extended in the BTC dataset, The resulting
knowledge graph generated from these features is shown in the figure below.
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Figure 3.4: Automatic Knowledge Graph
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The constructed knowledge graph incorporates every conceivable at-
tribute pertinent to the BTC cryptocurrency. The hierarchical structure
of this knowledge graph, which is predicated on the notion of levels, is an
integral component. As previously explained, the profundity of the crawling
process determines which level each individual reaches. Features near the
seed node are denoted by Level 0, while subsequent levels indicate increasing
distances from the seed. Anchoring the complete graph, the seed node func-
tions as the principal root; each feature is classified into its corresponding
level according to its proximity to the seed. Using hierarchical structuring in
the knowledge graph enables a more comprehensive comprehension of the in-
terconnections between features. Within the data visualization domain, the
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Figure 3.5: Automatic KG with Levels

knowledge graph functions as an all-encompassing repository of the char-
acteristics of the BTC cryptocurrency, providing a systematic structure for
comprehending its complex attributes. By employing precise color coding,
the graph effectively distinguishes the fundamental characteristics from the
supplementary ones while also communicating the hierarchical structure of
their interconnections. This graphical depiction enables analysts to deter-
mine the proximity of attributes to the seed node, thereby facilitating the
recognition of crucial components and peripheral connections. In addition
to its visual attractiveness, the graph contains many practical insights that
guide succeeding stages of data refinement and analysis. As the graph un-
dergoes feature engineering and data purification, its importance surpasses
a simple visual representation, transforming into a dynamic instrument for
optimizing data. By systematically eliminating inaccurate data and consoli-
dating similar attributes, this procedure enhances the precision and integrity
of the dataset. Additionally, by strategically organizing features according
to their significance, stakeholders can develop a more profound comprehen-
sion of the dynamics of Bitcoin. This empowers them to prioritize critical
variables and draw meaningful conclusions. When combined with feature
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engineering, generating a heatmap is pivotal in the analytical procedure. By
integrating statistical methods and Python libraries, this visual representa-
tion unveils the interconnectedness of Bitcoin attributes, thereby unveiling
correlations and patterns that may elude conventional analysis. The heatmap
furnishes actionable insights to decision-makers, illuminating the fundamen-
tal dynamics of the cryptocurrency environment. Therefore, utilizing feature
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Figure 3.6: Features

engineering, data purification, and heatmap analysis to enhance the knowl-
edge graph becomes a fundamental component in the data-driven investiga-
tion of the Bitcoin cryptocurrency. In addition to its visual assistance, it
serves as a conduit for actionable intelligence, enabling strategic planning
and well-informed decision-making within a constantly evolving digital en-
vironment. As a result, risk management protocols and strategic initiatives
are informed by these insights. Feature selection aims to identify the most
pertinent characteristics for modeling purposes while removing redundant or
superfluous elements. Feature selection can be accomplished according to
various criteria, including feature importance, recursive feature elimination,
and correlation-based feature selection. The criteria employed are estab-
lished in accordance with the research’s specific objectives and the dataset’s
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Figure 3.7: HeatMap of Features

attributes. The RandomForestClassifier is employed to ascertain the signif-
icance of individual attributes. The purpose of this classifier is to evaluate
the importance of features. High-quality features have a greater impact on
generating accurate forecasts. Feature importance scores in decision tree di-
vides are frequently determined by how much a feature reduces an impurity,
such as the Gini impurity. Utilizing this visualization facilitates the feature
selection process to incorporate them into the ultimate prediction model. It
discloses which characteristics exert the most significant impact on Bitcoin
price predictions. Additional methods of feature selection may be imple-
mented to enhance the feature set. Utilizing methodologies such as recursive
feature removal and establishing feature relevance thresholds empowers the
exploration of diverse feature subsets. This enables one to evaluate the fea-
tures’ influence on the model’s performance and improve the approach taken
for selecting the features. The dataset, consisting of a comprehensive as-
sortment of data concerning the attributes of the Bitcoin cryptocurrency,
is a foundational resource for subsequent analyses and discussions. Through
meticulous scrutiny, we have managed to condense this extensive compilation
into a specific subset comprising 54 Features that are paramount and near
the foundations of Bitcoin dynamics. This meticulously curated collection
represents a deliberate aggregation of information strategically positioned to
produce actionable intelligence and offer direction for tactical undertakings.
This is the list of 54 extracted features using the feature importance above.
After being identified, these crucial characteristics are extracted and stored
in a fresh dataset. This new dataset is then formatted and saved as a CSV
file to facilitate their seamless integration into subsequent phases of analysis
and modeling. By reducing the size of the dataset, computational efficacy
is not only improved but relevant insights are also preserved for subsequent
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Table 3.1: Feature Description

Feature Feature

Date trend adx_pos

Open trend adx neg

High trend vortex ind pos
Low trend vortex ind neg
Close trend vortex ind diff
Adj Close trend trix

Volume trend mass index
volume adi trend cci

volume cmf trend dpo

volume fi trend kst

volume mfi
volume em
volume sma_em
volume vpt
volume nvi
volatility atr
volatility bbw
volatility bbp
volatility kcw
volatility kep
volatility dcw
volatility dcp
volatility ui
trend  macd
trend macd signal
trend macd _diff
trend adx

trend kst sig

trend kst diff

trend visual ichimoku a
trend stc

momentum _ rsi
momentum_stoch rsi_k
momentum _stoch rsi_d
momentum __tsi
momentum _uo
momentum stoch
momentum_stoch signal
momentum _wr
momentum _ao
momentum _roc
momentum _ppo
momentum_ppo_signal
momentum_ppo_ hist
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analysis and reference. As we enter Chapter 3, which serves as a foundation

Integrate the Levels

Figure 3.8: Architecture Diagram

for traditional and automated machine learning approaches, the enriched
dataset is well-positioned to provide resources for exploratory analysis, algo-
rithmic optimization, and predictive modeling. This enhanced dataset allows
interested parties to utilize machine learning methodologies, including auto-
mated model selection and sophisticated algorithmic configurations. This
fosters innovation and enables the disclosure of more profound insights into
the intricacies of the Bitcoin cryptocurrency.



Chapter

Automated Feature Engineering:
A Classification of Strategies from
a Systematic Literature Review

In recent years, there has been an incredible boost in adopting machine learn-
ing, and more in general artificial intelligence approaches, in many different
contexts. The need for ML and A.I. experts has rapidly increased so that the
demand cannot currently cope with the offer, and many positions in such a
domain still need to be assigned. ML opens new horizons for research both in
industry and academia. It is constantly evolving, bringing challenges as well
as getting more innovative. Concurrently, the ML community has put much
research into trying to equip experts with more powerful and automatic tools
that support the typical steps of an ML pipeline. The goal is to provide users
with increased capability in determining which approach best suits a specific
data set. These efforts resulted in the establishment of a new branch named
AutoML, which aims to study and provide tools to automatize ML activities
as much as possible to reduce the need for human intervention or, better yet,
to provide more powerful tools.

To alleviate and make the data expert activities more focused, Such an ef-
fort has produced clear results and state-of-the-art tools, such as AutoSciKit
Learn [44] and T.P.O.T. [45], to cite a few, are clear and relevant examples.
Nevertheless, among the various steps constituting a typical ML pipeline, the
feature engineering step manifested a different level of advancement concern-
ing the other phases, and the activity is still mainly left to the data scientist
with little availability of automatic support. This paper intends to inves-
tigate the proposed solutions for automatic support for feature engineering
[46] activity. This activity has the strictest dependencies on the application
domain, for which knowledge and human intuition can be invaluable tools
to achieve satisfactory results. Nevertheless, automatic mechanisms can help
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the data scientist easily explore possible solutions. The investigation has
been carried out, taking advantage of available digital libraries, and it has
been structured according to a Systematic Literature Review (S.L.R.) pro-
tocol, as suggested in [47], to avoid any bias due to our previous knowledge
of the domain. In this study, we will examine the solutions that have been
proposed to help data scientists with feature engineering. Many different
proposals are today available in the domain of feature engineering. This
paper explored different automatic feature selection approaches in machine
learning. To identify such a proposal, we conducted a systematic literature
review that resulted in the final identification of 63 papers proposed from
2000 to 2021 concerning such a topic. The study of such research has led us
to the definition of a classification framework that tries to cluster the differ-
ent approaches according to the strategy they adopt to support the activity.
The survey enabled us to identify 1432 papers retrieved from the selected
digital library and then apply the steps foreseen by the chosen S.L.R. pro-
tocol to restrict to 68 papers. After carefully reading the selected papers,
we defined a framework to cluster such approaches, and we identified eight
different clusters that can be used to classify the works published on this
topic. The rest of the paper is organized as follows. Section 2 discusses the
methodology and protocol we adopted to run the S.L.R., reducing, at min-
imum, any influence from our previous knowledge of the domain. Section 3
discusses the results of the review we conducted just from a numerical point
of view, while Section 4 discusses the proposed classification. Successively,
we close the paper, touching upon possible future work directions.

4.1 Methodology

A systematic literature review (S.L.R.) is an unbiased method to find, evalu-
ate, and interpret research relevant to a specific topic. In this study, we adapt
the idea and the methodology from Kitchenham et al.[47], which presents an
articulated and controlled protocol for performing S.L.R. Even though the
methodology has been mainly conceived to run S.L.R. in software engineer-
ing, we consider this method conducive for conducting S.L.R. in our research
topic, as the method has been adopted in many other domains. Kitchenham’s
methodology consists of three phases: ing, conducting, and reporting. In the
following, we describe each step as it has been performed in our research
activity.

4.1.1 Planning the S.L.R

This section outlines the stages of planning the S.L.R., such as defining re-
search questions and selecting a search strategy. The choice of perform-
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ing an S.L.R. is mainly due to Because the ML domain is nowadays quite
widespread, possible contributions could come from many different sources
that would have been difficult for us to identify. Running a literature review
without adopting a precise and mechanical process would have resulted in
identifying a restricted number of works mainly related to our communities
of research. On the other hand, any S.L.R. protocol has its pitfalls, so we
tried to carefully check the results we obtained. Therefore, to run our S.L.R.,
we had to clarify our objectives precisely regarding research questions. After
several iterations in which we tried to synthesize and focus our objectives,
we ended up with the identification of the following three questions:

4.1.2 Research Questions

R.Q.s are the most essential component of an S.LL.R. Authors collaborate
to develop research questions during brainstorming sessions. According to
our objectives, we ended up with the identification of the following three
questions:

e RQ1: What are the proposed approaches for automatic feature engi-
neering?

e RQ2: What are the theoretical and technical bases of the proposals
supporting the automatic exploitation of feature engineering?

e RQ3: Are there ideally suitable tools and libraries for feature engi-
neering?

The first question concerns discovering available methods for automatic fea-
ture engineering (AutoFE). This emerges as a new domain after the inven-
tion of AutoML and constitutes a relevant component. The second question
instead refers to identifying classes of suitable methods to perform feature
engineering automatically. The focus here is more on the theoretical and
technical basis of the identified approaches to derive a possible classification
for the proposed approaches. Finally, the last question aims to define the best
suitable tools and libraries available to manipulate Data and apply feature
engineering techniques for ML according to the different domains.

4.1.3 Search Strategy

This step involves the technique used to acquire relevant research papers from
the literature, particularly emphasizing the definition of the search query.
The selection of digital libraries to retrieve relevant research work is also
critical. Another relevant step refers to defining the criteria for including
and excluding research items from the survey and, finally, the performance
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of the snowballing techniques. After an intense literature review and dis-
cussion with authors and domain experts, keywords are defined and filtered
according to our research works. This is an iterative procedure to select the
optimal search string, which has to be validated repeatedly by applying it
over a digital library to attain quality and relevant results. Our queries ap-
ply to three primary areas: "automatic feature selection,” "automatic Feature
Engineering,” and "automatic Machine Learning”. We identified appropriate
terms to include in our query based on those domains. The words for the
search query were devised and discussed among the paper’s authors during
a brainstorming session. The authors passed through several iterations be-
fore agreeing on the final set of terms mentioned in the following. Referring
to the area of Automatic feature engineering, we devised the terms: "Auto-
mated Feature”, "Matic feature extraction”, AutoML” "Auto Data Science”,
"Deep Features synthesis”, and "Data Science Machine" These keywords are
frequently used in the most cited or state of

Art papers relevant to Automatic feature engineering. We included
"T.P.O.T." and "AutoSklearn." "auto-learn" and "explore kit" are famous
tools and libraries that are widely used for Automatic feature engineering in
AutoML. Finally, we constructed a search string to join terms of the same
area with the Boolean operation OR.

Digital Libraries

We used the search string to query the digital libraries. The query string is
applied on Scopus; Scopus was chosen since it is the most reputable library
in the research fraternity. We did not explore publications from other large
digital libraries, such as IEEE and A.C.M., because Scopus also indexes them.
The query was restricted to the title, abstract, and keywords. We need all
the numbers; 1432 documents were obtained. The papers are published in
journals and conference proceedings. The publication period is restricted
to 2000 to 2021 in the query string. We must justify the query’s terms,
particularly the years considered (we reasonably think to retrieve important
contributions via snowballing). Remove duplicates once we've clustered by
year of publication.

Inclusion/Exclusion Criteria

A set of inclusion/exclusion criteria has been developed as part of the protocol
implementation to ensure the selection of only relevant research publications.
We examine two inclusion and two exclusion criteria, which are given below.
IC.1 Criterion states the research work is a primary study (surveys are ex-
cluded)". We include only new, unique literature. 1C.2 decreasing function
for citations (paper in 2001 with at least ten citations and till 2021 zero cita-
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tions). E.C.1 The criterion states that the research work needs to be written
in English. E.C.2 On the topic - papers reporting the usage of ML in specific
domains are not considered. Application papers using ML are excluded.

Conducting

This phase refers to searching and analyzing the research. The search query
is applied over the specified digital libraries defined in the review protocol.
After the search is completed, the research works are analyzed, and only the
research works relevant to the S.L.R. topic are chosen based on the inclu-
sion/exclusion criteria. The refinement is a rigorous, quite complicated and
critical task because the quality of research is based on selected papers; the
final results may deviate if refinement is compromised. All the checks are
applied to search work to ensure the quality of the research to be included
without any biases. Finally, data is extracted from relevant research works,
ensuring not only paper classification but also the collection of data needed
to answer the research questions. Reporting: This final phase consists of
writing up the review’s findings; it effectively deals with replies to research
questions.

4.2 Conducting the S.L.R.

This section outlines how we conducted the review. Specifically, we pro-
vided the details of each phase we covered to conclude the S.L.R. The phases
are named as identification, screening, eligibility and inclusion. The final
result of all phases was concluded in 63 papers. Potentially, 1432 relevant
records were identified after applying the initial search query on Scopus. We
found 124 articles as duplicate items identified in different digital libraries.
There were 1308 articles remaining. After duplication, 802 articles were
screened based on title and abstract. Five hundred six articles were qualified
based on set eligibility criteria.450 full-text articles They were rejected due
to missing data and the need to be relevant to the specific area of feature
engineering. research articles were included in the study in the inclusion
phase. Backward snowballing: We consider the related work section of the
resulting paper set to identify additional papers. Forward snowballing: We
access the digital library on each paper identified to see which papers refer
to this one. The final result of papers shortlisted after applying the whole
procedure is 63. These 63 papers are classified into 8 clusters. We applied
snowballing techniques, backward snowballing, and forward snowballing on
the final selection set. The aim was to improve the accuracy of the review
by applying these strategies. Reviewing citations the articles identified in
the previous step to determine relevant works not already identified with the
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Figure 4.1: stages of SLR

search query or contributions antecedent 1999 is the snowballing backward
method; the snowballing forward method requires digital libraries to identify
articles citing the relevant works identified in the previous step is the snow-
balling forward method. The snowballing technique can be used numerous
times, which means it was reapplied to the relevant papers found during the
prior iteration of snowballing. We uncovered seven fresh research works in
the first iteration of the snowballing (5 backward and two forward); we halted
at the second iteration because no additional relevant publication had been
located.

4.2.1 Resulting Query String

TITLE-ABS-KEY ("automatic feature selection” OR “automatic Feature En-
gineering” OR "automatic Machine Learning” OR "AutoML” OR ”Auto Data
Science” OR "Deep Features synthesis" OR "Data Science Machine" OR
"T.P.O.T." OR "AutoSklearn” OR auto learn OR explore kit ) OR TITLE-
ABS-KEY ("Automated Feature" OR "automatic feature extraction”) AND
DOCTYPE (ar OR cp ) AND PUBYEAR > 2000 AND PUBYEAR < 2022
AND ( LIMIT-TO (S.R.C.T.Y.P.E., "j") OR LIMIT-TO

(S.R.C.T.Y.PE., "p") ) AND ( LIMIT-TO ( DOCTYPE, "cp") OR
LIMIT-TO ( DOC- TYPE, "ar") ) AND ( LIMIT-TO ( SUBJAREA,
"COMP") OR LIMIT-TO (S.U.B.- JA.R.E.A., "ENN.G.I.") OR LIMIT-TO
( SUBJAREA, "MATH") ) AND ( LIMIT-TO ( LAN- G.U.A.G.E., "En-
glish”) ) AND ( EXCLUDE ( EXACTKEYWORD, "Image Segmentation”
) OR EXCLUDE ( EXACTKEYWORD, "Image Analysis”’) OR EXCLUDE
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(E.X.A.C.- TKEYWORD, "Image Processing") OR EXCLUDE ( EXAC-
TKEYWORD, "Signal Processing") OR EXCLUDE ( EXACTKEYWORD,
"Remote Sensing") OR EXCLUDE ( EXACTKEYWORD, "Computer Vi-
sion”) OR EXCLUDE ( EXACTKEYWORD, "Speech Recognition”) OR EX-
CLUDE ( EXACTKEYWORD, "Brain”) OR EXCLUDE ( EX- ACTKEY-
WORD, "Biomedical Signal Processing”) OR EXCLUDE ( EXACTKEY-
WORD, "Bioinformatics”) OR EXCLUDE ( EXACTKEYWORD, "Image
Enhancement” ) OR EXCLUDE ( EXACTKEYWORD, "Three Dimensional
Computer Graphics”) OR EXCLUDE ( EXACTKEYWORD, "Forestry”) OR
EXCLUDE ( EXACTKEY- WORD, "Medical Imaging") OR EXCLUDE
( EXACTKEYWORD, "Computer Simulation”) OR EXCLUDE ( EXAC-
TKEYWORD, "Fuzzy Systems”) OR EXCLUDE (E.X.A.C.- TKEYWORD,
"Electroencephalography") OR EXCLUDE ( EXACTKEYWORD, "Face
Recognition") OR EXCLUDE ( EXACTKEYWORD, "Fuzzy Clustering")
OR EX- C.L.UD.E. ( EXACTKEYWORD, "Signal Encoding”) OR EX-
CLUDE ( EXACTKEY- WORD, "Computer Aided Design") OR EXCLUDE
( EXACTKEYWORD, "Fault Diagnosis”) OR EXCLUDE ( EXACTKEY-
WORD, "Diseases”) )

4.3 Results of the Automatic Search

In this section, we presented the quantitative findings of our study. We found
1432 publications published between 2001 and 2021: 588 in journals and 844
in the conference proceedings, as shown in the pie-chart inset in Figure 2).
The graph in Figure 2 shows the trend of the publications in this field, and
it is worth noticing that it can be divided into two parts: the first one,
representing the years between 2001 and 2014, shows an increasing linear
trend; on the contrary, the second one, between 2015 and 2021, presents an
exponential trend, see the lower inset in Figure 2. Moreover, in the first
part of the graph, i.e. the linear one, the average number of papers is 23.57
against an average of 157.42 for the exponential part. This shows that, in the
last seven years, the number of published papers in the field had an average
increase of 567.88After applying exclusion criteria and snowballing, we got
63 eligible papers. Figure 3 shows the trend of the eligible papers: also, in
this case, the linear and exponential increasing trends are peculiar, but 2020-
2021, a sudden decrease is recorded. The average number of published papers
in the field between 2001 and 2014 was 1.5, while 6.71 papers appeared, on
average, from 2015 to 2021; the average increase is 347.33As shown in Figure
4, the eligible papers (n=63) have been divided into 8 clusters according to
the procedure used for the automatic feature selection (A.F.S.) :

e A.F.S. based on Machine Learning (ML)
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Cluster | Papers Approaches
1. [48, 49, 50, 51, 52, 45, 53, | AFS based on ML
54, 55, 56, 57, 58, 59, 60,
61, 62, 63, 64, 65, 66|
2. [67, 68, 69, 70, 71, 72, 73, | AFS based on DL and
74,75, 76, 77 ANN
3. [78, 79| AFS based on DR
4. [80, 81, 82, 83| AFS based on Relation
Database
5. [84, 85, 86, 87, 88| AFS based on Knowledge
Graph
5. [89, 65, 90, 91, 92, 93, 94, | AFS based on Prob and
95] Stat
7. [96, 97, 98, 99, 100, 101, | AFS based on Hybrid
102, 103, 104, 105, 106] Methods
8. [107, 108] AFS based on RL

Table 4.1: Cluster Papers

e AF.S. based on Artificial Neural Network (ANN) or Deep Learning
(DL)

A .F.S. based on Dimensional Reduction of data

e AF.S. based on Relational Databases
e AF.S. based on Knowledge Graph

A F.S. based on Probabilistic and Statistical Methods

e A.F.S. based on Hybrid or Other Methods

A.F.S. based on Reinforcement Learning

In Table 1, the reader can find the list of papers belonging to each cluster. It’s
worth noticing that the three most crowded clusters regarding ML, DL/ANN
and Hybrid contain 20,11 and 11 papers, respectively. Those groups are
followed by a fourth cluster, based on Probabilistic and Statistical Methods,
that contains eight papers. All the papers where the authors developed
approaches that can not be considered part of the other clusters were grouped
in that cluster.
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4.4 Classification of Auto Feature Engineering
approaches

In this section, we present an overview of the papers that we assign to each
cluster. It would be useful to understand the hypothesis made by each ap-
proach. As shown in Figure 5, Feature selection techniques have always been
divided into three categories:

Filter methods - They use a proxy measure to score a feature subset in-
stead of minimizing the error rate. This measure, computed in preprocessing
step, is chosen to be fast to compute as well as while still capturing usefulness
of feature set. According to this method, features are ranked on the basis
of apriori criteria; among the others, we recall 2, mutual information, Fisher
discriminant criterion, and the Kruskall-Wallis test. Since filter methods are
implemented in the preprocessing phase, they do not consider the impact on
the classification algorithm. Wrapper methods - Wrapper methods use
the classification algorithm as a black box; they use a predictive model to
score feature subsets. Thus, the obtained subset is optimized for the partic-
ular classification algorithm [80|. Since wrapper methods train a new model
for each subset, they are very computationally expensive but usually provide
the best-performing feature set for that particular model type. Embedded
methods - They are quite similar to wrapper methods since they are also
used to optimize a learning algorithm’s objective function or performance.
The difference is that embedded methods use a metric that acts during learn-
ing. The LASSO method, as well as the Random Forest and the Recursive
Feature Elimination (R.F.E.), are embedded methods. For a more exhaustive
revision, please refer to [17]. Wrappers are computationally expensive, while
Filters, on the contrary, are usually not so computationally expensive, but
they produce a feature set that is more general than the set from a wrapper.
In this review, we propose another taxonomy based on the technique used
for performing A.F.S.

4.5 Automatic feature selection based on Ma-
chine Learning Approaches

According to our findings, techniques based on machine learning are widely
utilized for automatic feature selection. We found 20 publications that use
ML for Feature Selection. Among those articles, we can identify three main
ML algorithms (G.A. kNN and SVM ) employed as a base for implementing
anomaly detection techniques and others that use Miscellaneous techniques
depending on the applicative domain.
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Figure 4.4: classification of clusters

4.5.1 Genetic-based algorithms

Genetic algorithms (G.A.s) are adaptive and are used to determine the op-
timal function combinations to solve a global optimization problem with se-
lecting the best subset of features and rejecting the low-quality ones. In this
study, [48] the authors investigated using a genetic algorithm for automatic
feature selection in N.E.R. (Named Entity Recognition). G.A. is commonly
used in feature learning in terms of computational time and criteria for eval-
uating an individual. Two machine learning algorithms are used to measure
the precision of the N.E.R. method: K.N.N. and Conditional Random Fields.
The suggested solution, as compared to a hill-climbing algorithm and a back-
ward one, selects optimal features and produces promising results. In this
method, population and data size may change during the learning process,
minimize the computational cost, and avoid repeated fitness tests.

In recent years, genetic programming (G.P.) has gained much attention
for obtaining optimal features for Regression and classification. Representa-
tion learning is the process of automatically engineering functions in feature
spaces. The Feature Engineering Automation Tool (FEAT) is based on mul-
tidimensional genetic programming(M.G.P.).Framework is proposed in this
work [49]. This framework is used in G.P. for feature creation and representa-
tion learning, as well as techniques that use machine learning as a heuristic for
recognizing building blocks. This approach deals with a new multi-objective
method and new semantic crossover operators. Educational Data Mining
(E.D.M.) is commonly utilized in education to predict student achievement.
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Classification and clustering are two popular E.D.M. approaches. One promi-
nent classification method is K-Nearest Neighbor (K-NN), modified in this
research[50].To increase accuracy, we can use the best features that reflect
the entire object; hence, feature selection methods are required. This work
proposed a genetic algorithm with strong heuristic properties for automatic
feature selection. The evolutionary algorithm improved the modified K-NN
feature selection with 82.6 per cent accuracy. Classification and regression
tasks require maximum information and lowest dimension feature sets. While
several methods exist to reduce feature set dimensionality and improve exist-
ing features, only some generic techniques exist for designing features from
numeric sequences. Autofead [51] is a unique genetic programming technique
for automated feature design. Using a library of sequence-handling tools, a
genetic programming variant generates a population of candidate features.
Numerical optimization approaches ensure that the fitness of candidate al-
gorithms is measured using optimal parameter values. Autofead is the first
automated numeric feature design system to combine numerical optimiza-
tion and traditional pattern recognition algorithms. T.P.O.T. (Tree-Based
Pipeline Optimization Tool)[52]is a well-known tool based on G.A.s to solve
the AutoML problem. T.P.O.T. is a framework that automatically constructs
pipelines from input datasets. It includes cleaning, preprocessing, feature en-
gineering, and model selection. It uses two operators to work on features: fea-
ture preprocessing and feature selection operators. An open-source Python
(T.P.O.T.) implementation is evaluated on simulated and real-world bench-
mark data sets. It can create machine-learning pipelines that outperform
basic machine-learning analyses with minimal user input and no prior infor-
mation. It also incorporates Pareto optimization, which provides compact
pipelines without sacrificing classification accuracy. Thus, this approach con-
tributes to fully automating machine learning pipeline design. An advanced
version of T.P.O.T. [45], Layered T.P.O.T. (L.T.P.O.T.), a T.P.O.T. variant
that seeks to produce pipelines faster, improves computational performances
by evaluating pipelines on large datasets. Using a modified evolutionary al-
gorithm, this approach compares the fitness of candidate pipelines trained
on different sample sizes. Despite the fact that L. T.P.O.T. is not necessarily
better than T.P.O.T. in terms of overall performance, it often finds good
pipelines faster and, on average, outperforms T.P.O.T.

KNN-based algorithms

Computational performance is one of the most important aspects of dealing
with A.F.S., especially when wrapper-based methods evaluate thousands of
features. The authors|[53] set up a technique for reducing the time complex-
ity of wrapper-based feature selection methods based on K-nearest neigh-
bours (K.N.N.). The authors proposed building a classifier distance ma-
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trix and incrementally updating the matrix to speed up calculation of the
relevance criteria in evaluating the quality of the candidate features. The
suggested approach significantly speeds up the wrapper-based feature se-
lection process without compromising classification accuracy. The ReliefF
method can be enhanced by using a new feature selection method based
on kNN model(K.N.N.M.F.S.)[54] to select more meaningful representatives
to replace the original data for feature selection; this method also incor-
porates the Heterogeneous Value Difference Metric to handle applications
with both ordinal and nominal features. The Phenols dataset was used
to test the effectiveness of the suggested K.N.N. model-based feature selec-
tion(K.N.N.M.F.S.)strategy. It is based on the computation of a similarity
matrix that considers a related feature type in the neighbourhood. Exper-
imental results show a considerable improvement in classification accuracy
with the proposed feature selection strategy applied to the trial dataset. The
performance of this approach was tested by using some metrics such as Mean
Absolute Error (M.A.E.), Correlation Coefficient (CC), Relative Absolute
Error (R.A.E.), Root Mean Squared Error (R.M.S.E.), and Root Relative
Squared Error (R.R.S.E.) and average accuracy. According to the authors,
K.N.N.M.F.S. shows improvement in terms of all the above evaluation met-
rics; in particular, it achieves an increase of 8.1% in average classification
accuracy with a relatively small range of variance. Feature Selection via Su-
pervised Model Construction (F.S.S.M.C.)[55] is presented. It is based on
a classifier and is similar to the Relieff algorithm. The key idea of original
Relief is to estimate the quality of attributes according tothe how efficient
their values distinguish among instances.

They are near to each other, exploiting the K.N.N. algorithm. F.S.S.M.C.
can handle many datasets, whereas Relief is sensitive to large ones. Various
datasets are tested and compared with this framework, but F.S.S.M.C. out-
performs. This proposed method efficiently transforms data and generates
high accuracy for the training data. F.S.S.M.C.|56] is used for feature selec-
tion, while the original Relief is applied for ranking the features.

SVM-based algorithms

The predictive forward selection strategy is examined in this research [21]
to enable SVM. The state vector machine is a sensitive classifier that selects
the optimal feature from redundant and irrelevant features. For feature se-
lection, two strategies are typically used. Although the filter approach is fast,
the wrapper provides high accuracy. Predictive forward selection is based on
the wrapper method. This strategy outperforms the traditional forward se-
lection and brute force methods. Kernel functions are investigated using an
SVM classifier to generate automated features.SVM kernel methods transfer
features from nonlinear correlations in lower dimensions to linear relation-
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ships in higher dimensions. While the method was designed to help classify
features in a linear hyperspace, it can also help other classification methods
by producing new features.|65]

Miscellaneous

E.H.R. Electronic Health Record [57] is the repository of patients, lab tests
and medical his- tory. E.H.R. is made up of a massive database, and retriev-
ing data for prediction is difficult. An automatic feature selection technique
is proposed, which picks the important features from each file or dataset
and stores them in E.H.R. This approach is based on logistic Regression.
The Deep Learning Neural network assists in predicting the accuracy of the
model. The transfer learning approach is used for features because extracting
features from E.H.R. every time is a time-consuming step. Feature selection
seek to reduce the feature space. Therefore, the L1 sparse logistic regression
is appropriate for selecting features with small features. The scores of the
selected features are saved in vector format. In order for the D.N.N. model
to take in account associated parameters when predicting hypertension risk.
Pattern recognition is achieved in D.N.N. due to an enhanced Transfer learn-
ing technique. A Hidden Markov Model (HMM) [58]is used to derive new
features or better to incorporate sequential knowledge in the dataset made
by a transaction sequence. These HMM-based features enabled a Random
Forest, it is a nonsequential classifier, to use sequential information for the
classification. The HMM-based approach provides help for automated fea-
ture engineering that can be used to model temporal correlations to improve
the classification task and increase the detection of fraudulent transactions
when combining with state-of-the-art expert-based feature engineering strat-
egy for credit card fraud detection. This study[59|proposed the automated
feature selection method for high-dimensional data based on weighting deals
in Naive Bayes(N.B.). N.B. is a common classifier in supervised learning.
Bayesian learning is used in high-dimensional spaces to achieve a soft feature
selection scheme. This algorithm seeks weights in linear time complexity,
which is a aided by lognormal prior distribution and posterior methods. Au-
tomatic feature Selection (A.F.S.) can be the result of the application of
well-known regularization [60Jmethods (Ridge,

Lasso, and ElasticNet). Those methods were tested on linear and Pois-
son Regression as bug predictors for five open-source Java systems. Results
showed that the three regularization methods reduce the prediction error
of the regressors, improving their stability. In feature selection, the wrapper
method is important for selecting optimal features from redundant data. This
work|61]introduces ensembles of wrappers for an automated feature selection
framework based on classifiers. Two classifiers, State Vector Machine(SVM)
and Neural Network(N.N.), are utilized to obtain automated fish age classifi-
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cation. Statistical pattern recognition techniques are applied for the valida-
tion of SVM and N.N. This method outperforms the other manual approach
for feature selection in the wrappers method. F.E.A.I.D.S. [62] is a novel
feature learning approach that improves learning algorithms. Features are
made up of mathematical functions like mod, ceil, and sin. These character-
istics increase learning efficiency in iterative ways. For nominal, numeric goal
function, and periodical datasets, F.E.A.D.L.S. improves the performance of
learning algorithms. F.E.A.D.L.S. improves the efficiency of both meta and
active learners. The authors|63| investigated a machine-learning paradigm
designed to deal with logs in enterprise security. It detects malicious activity
from the log at an enterprise level. This approach generates new features
from the raw data by applying new operators. The formula is produced from
the raw features with the assistance of the boolean function. This method
applies Fourier analysis to ranks based on their highest coefficients. Feature
engineering is enhanced with a wide range of classification and clustering al-
gorithms. It improved by 50.6 per cent as compared to raw features. Emperor
Penguin Optimizer(EPO)|[66] is a metaheuristic algorithm inspired by pen-
guins’ hud- dling behaviour. There are eight EPO variants, four of which are
studied. The suggested approach considers four transfer features, S-shaped
and V-shaped, to map the search space into a distinct research space. A
binary emperor penguin algorithm is proposed in the selection of features.
It’s a combinatorial NP-Hard Problem. The binary emperor, penguin opti-
mizer approaches, are utilized to discover the best possible subset of features.
Feature count and classification error rate are factors in the fitness function
applied by the proposed method.

4.5.2 Automatic feature selection based on Deep learn-
ing and Neural Network Approaches

Learning Feature Engineering (L.F.E.)[67]is an automatic feature engineering
framework specific to classification problems only. It performs interpretable
feature engineering for classification based on learning from past feature en-
gineering experiences. Using a collection of datasets, a set of neural net-
works (Multi-Layer Perceptron) is trained to predict the transformation that
positively impacts classification performance. Results show that L.F.E. out-
performs other feature engineering approaches for a majority (89%) of the
datasets from various sources while resulting in significantly less expensive
with respect to computational costs. This study [68] aims to propose a neural
feature learning framework for automatic feature selection in the relational
dataset. In the first stage, a Rule-based trans- formation tree is constructed
with aggregation functions max, avg, sum, and min based on deep feature
synthesis (D.F.S.). In the second stage, R2N employs supervised learning to
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train a relational recurrent neural network to learn transformations. There
are some deficiencies reported in R2N. It could be more efficient in auto-
tuned. Joining a smarter graph is an NP-hard problem. Explorekit [69] is a
novel automatic feature generation framework. The purpose of this frame-
work maximizes the predictive power by combining candidate features and
original features. It is a learning-based approach that predicts new features
and provides improved results compared to existing features. Classification
techniques are applied to reduce errors. Learning Automatic Feature En-
gineering Machine(L.A.F.E.M.)[70]deals with feature engineering problems
over Heterogeneous Transformation Graphs (H.T.G.).A deep Q-learning on
H.T.G. that can pass engineering optimal function knowledge from a col-
lection of datasets to previously unseen datasets. The H.T.G. is a directed
heterogeneous acyclic graph; each node in H.T.G. represents a feature (fea-
ture node) or a dataset (dataset node), and each function node corresponds
to one of two features: original features and derived features. L.A.F.E.M. is
a modern architecture for automated feature engineering that combines fea-
ture formulation, feature selection, and model evaluation (F.E.). It includes
a heterogeneous transformation graph (H.T.G.) that organizes the process-
ing of F.E. and deep reinforcement learning algorithm that can be perform
automatic F.E. on the H.T.G. Machine learning play roles in solving the
Twitter spam detection problem. Feature engineering is crucial in ML for
spam detection. Existing work to detect spam tweets is mainly based on
basic features, meta-data, and social relationships, which require intensive
human manual efforts. This study|71| recommends a deep learning frame-
work for automated feature engineering that extracts features from text data.
This approach is depends on a deep neural network trained with Bi-LSTM.
Deep-learnt features are those features that can detect spam on Twitter. Ac-
cording to the results, it outperforms both word2vec and statistical features.
The deep learning framework Midway Neural Network (M.N.N.)|72]for auto-
matic feature engineering is proposed. This method uses a manual feature,
feature engineering, and log preprocessing. It is used to analyze commu-
nication network logs, which contain high-dimensional data that is rapidly
growing and diverse and is based on L.S.T.M.The raw data is encoded and
sent to the midway, where it is further processed and predicted. Authors|73|
presented an automatic feature selection method based on the neural network
Multi-Layer Perceptron(M.L.P.), which extracts complementary and diverse
classification features from high dimensional data. It reduces the dimension
of data and increases the accuracy. M.L.P. is set up for the classification
of data. In the first stage, the hidden layer is labelled singlet. In the sec-
ond stage, an ensemble of 3 networks is labelled as small-scale. In the third
stage, an ensemble of networks, each with 30 hidden nodes, is labelled as
large-scale. This article|74]discussed automatic feature engineering using ex-
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ploratory and learning techniques. Technique is an efficient and cost-effective
learner. In the explorer, a transformation tree is constructed using feature
transformation space and pruning to find the optimal features. The Learner-
Predictor features are learned through their historical data and correlation
of features. The transformation occurs, which the classifier determines and
may or may not apply. This work|75| defines the novel Neural Aggregate
Generator (N.A.G.), a neural network based feature extraction module that
learns feature aggregates end to end on the fraud classification tasks. In
contrast to other automatic feature extraction approaches the network ar-
chitecture of the N.A.G. closely mimics the structure of feature aggregates.
Furthermore, the N.A.G. extends learnable aggregates over traditional ones
through soft feature value matching and relative weighting of the importance
of different feature constraints. It compares the performance of the N.A.G.
to the state-of-the-art approaches on a real-world dataset with

Millions of transactions. More precisely, it shows that features gener-
ated with the N.A.G. guid for the improvement of results over manual ag-
gregates for fraud classification, thus demonstrating its viability to replace
them. Moreover, N.A.G., compared to other automatic approaches such as
the L.S.T.M. or a generic CNN, outperforms the results. An Interactive Rein-
forced Feature Selection (I.R.F.S.)[75] framework that guides agents through
self-exploration and external professional trainers to enhance feature explo-
ration learning. In this framework, there are two model search strategies:
KBest and Decision Tree : (1) identify aggressive and hesitant agents to di-
versify agent training, and (2) allow both trainers to teach at different phases
to combine their experience and diversify teaching. This hybrid teaching
technique can help agents learn more and become more effective. Finally,
extensive tests are performed on real-world datasets to verify our method’s
advantages over the reinforced selection and conventional feature selection.
The security of BGP (a boarding gateway protocol) is a huge concern in
the network domain. This work [77] introduces a framework of automatic
feature extraction of BGP anomaly detection that detects and alerts the secu-
rity threat caused by the events. It is based on a neural network approaches
which extracts features from large-scale raw data.

4.5.3 Automatic feature selection based on Dimensional
Reduction of Data

Approaches Condition-based maintenance (C.B.M.)[79] is an essential com-
ponent of Condition Monitoring. This automated feature engineering frame-
work can manage a comparison of dimensionality reduction and feature se-
lection algorithms that collect information automatically during monitoring.
The purpose of this approach is to address concerns with anomaly detection
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in the monitoring system. C.B.M. is a sensor-based [oT system. It evaluates
assets, detects anomalies, and even predicts them before they occur. It is a
data-driven process that can handle labelled and unlabeled data. The P.C.A.
and LDA algorithms are applied to different datasets and evaluated for accu-
racy. This article is about the source code of Python. Pattern identification
derives commonly used operations from source code and notebooks—pattern
recognition. The framework suggests a new frequent system to draw from
a list of source codes based on the frequent method for extracting frequent
characteristics engineering. The three-stage analysis process of the strategy
is as follows: (1) A.S.T. conversion source code, (2) tree node type/semantics
inference, and (3) regular A.S.T. mining subgraph pattern. This approach
seems fine for a small-scale problem, but pattern detection is a complex task
for high-dimensional data. [78|

4.5.4 Automatic feature selection based on Relational
Database Approaches

This article[80] describes extracting features’ nominal attributes from a rela-
tional database. New features are created based on functions MIN, M.A.X.,
S.UM., A.V.G., COUNT, etc, which are highly correlated and increase the
accuracy and predictive power. Similar work has been done on the state-
of-the-art paper Deep Feature Synthesis. The proposed approach produces
novel features that are highly associated with the target tribute. The tests
yielded a better result after the addition of the new feature. Three types
of databases are used in the experiments: a financial database, a medical
database, and an East-West database, all of which have nominal attributes.
Some disadvantages, such as the virtual joining paths in the data model,
add to the difficulty. The approach also has the drawback of assuming at-
tribute independence. Dependencies between multiple attributes need to be
captured, leading to the absence of potentially relevant concepts.

One Button Machine (OneBM)is a highly cited article[81] for automating
feature engineering in a relational database. As the name shows, one button
keys data scientist activities perform automatically. In this framework, key
features are generated and transformed from the relational database. OneBM
automatically joins database tables and applies advanced data transforma-
tions to derive important features from data. The findings of this paper
have been published in the Kaggle competition. The results suggest that
both experts and novices can use OneBM. It allows data scientists to ex-
plore more ideas in less time. A graph-based approach has been used; the
tables in the dataset are represented as nodes, and relationships are denoted
with the edges. Automated Feature Synthesis (A.F.S.)[82]is proposed for the
relational database using dynamic programming. This article is based|81]
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on a data science machine and a single button. Their research revolves
around feature synthesis for relational data from structured and unstruc-
tured data forms, efficiently automating a time-consuming manual activity
for non-experts while consuming a reasonable amount of resources. It covers
automatic feature synthesis for structured and unstructured data for both
classification and regression models. Three datasets have been tested and
compared with one button and a data science machine. This is the most
significant article as it is a highly cited paper. This study proposed a Data
science machine (DSM)[83]. it harnesses the predictive power of modelling
automatically from raw data. Deep feature synthesis (D.F.S.) is an algo-
rithm that generates new optical features automatically from the relational
dataset by applying sequential mathematical functions and then creating a
machine learning pipeline that tunes with a novel Gaussian copula approach.
D.F.S. is an automatic algorithm that selects features similar to feature se-
lection supported by human intuition. The contribution of this article is to
design a D.F.S. algorithm that generates features automatically from a large
feature space and auto-tunes an ML pipeline to extract optimal synthesized
features. The case study of commerce is discussed in this document, includ-
ing whether the customer will purchase inexpensive or luxurious items. In
the dataset table, it is considered an entity feature (defeat), which is joined
in two ways, forward and backwards relationships; features are derived from
instances using mathematical functions (min, max, and count).

4.5.5 Automatic feature selection based on Knowledge
Graph approaches

. KLA.F.E. [84]is an automatic feature engineering enhancement framework
based on knowledge engineering. It is an automatic technique for improv-
ing features that makes use of knowledge graphs, web tables, and a reposi-
tory hosted on the internet. structural knowledge links with the knowledge
database to enhance new features automatically. This framework reduces
the hectic load on data scientists; feature engineering is tedious and time-
consuming. The Input features to the K.A.F.E. system feature process from
the semantic feature index Wikipedia, DBpedia, etc. feature lookup in the
knowledge repositories and map the relevant content on features. An exces-
sive number of features are mapped, and redundant features are eliminated
based on a correlation matrix. Optimal features added to the existing in-
put features applied to models. The model’s predictive power in the form of
accuracy has been increased significantly. A novel technique, but it is time-
consuming and expensive to compute the data across the internet. Automat-
ically extract features for general learning tasks. This work[85] addresses the
issue of constructing good features from semantic knowledge bases—an au-
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tomated feature learning framework [86]for unstructured data over the web.
Data is collected with expert knowledge and tracked features in an automated
manner. These are unsupervised learning techniques without

They are using Fuclidean distance to build feature representations au-
tomatically with expert knowledge. Two main issues arise in this method.
Identifying significant similarities in sparse features in high-dimensional data
is difficult; the relationships between categories are extremely complex. A
mixed-initiative framework [87| for feature engineering is a semi-automatic
approach. It is based on domain knowledge and capture knowledge graph
and is supported by an interactive visualization method. This framework
consists of the integration of complex heterogeneous data and builds a knowl-
edge graph. Feature engineering techniques are applied to the K.G. a new
feature is generated with an interactive graph. Feature analysis and mining
techniques are applied to refine the features iteratively. Brainwash|88| is the
data system for automatic feature engineering based on a recommendation
system. It covers web search, Google’s Knowledge Graph, I.B.M.’s Watson,
and other ML-enabled rich databases. This framework is a trained system
for automatic feature engineering for huge datasets. It facilitates the devel-
oper to provide a hint on how their code interacts with data and reduces the
effort of a long wait and debugging. Brainwash is an easy-to-explore, extract
and evaluate interaction loop for a trained system.

4.5.6 Automatic feature selection based on Probability
and statistics approaches

This is the base and pioneer paper of the auto-learn framework. Autosklearn
is a modern AutoML framework built on Python’s sci-kit-learn machine
learning package. Autosklearn is based on efficient Bayesian optimization
methods. In addition to Bayesian optimization, the meta-learning technique
is used to optimize the ML method. ML machine is recommended for meta-
learning. Bayesian optimization (B.O.) takes a long time to start for hyper-
parameter spaces in entire ML systems. B.O. provides benefits by select-
ing configurations with meta-learning and then seeding with data.[89] The
AutoLearn|65| feature learning algorithm is regression-based, a data-driven
strategy without domain knowledge. Establishing pair attribute correlations
improves the prediction accuracy; it identifies linear or nonlinear relation-
ships between individual pairs. Autolearn has four components: (1) prepro-
cessing, (2) mining correlated features, (3) feature generation, and (4) feature
selection. It searches the original feature space for pair-side correlation fea-
tures using distance correlation. To assess the predictive relationship between
correlated features, regularised regression models transform the original fea-
ture space accessible into a new feature space. Two types of features exist:
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The first sort searches in feature pairs for hidden patterns, and the second
measures the distance between the projection and the independent variable.
B.M.L.L. [90]is based on a Bayesian algorithm. This is a novel approach pro-
posed in this paper, Automatic Feature Selection Bayesian multiple instance
learning algorithm. It is a classifier that selects optimal datasets by using
inductive learning. B.M.I.L. is highly efficient in selection as it selects a small
dataset and performs better than previous M.I.L. algorithms. In B.M.I.L., a
list of selected features and weight vectors for the linear classifier, the redun-
dant selected features are removed using the M.A.P. estimator. This process
is iterative; the hyper-parameters are updated until the optimal features
are selected. This article focuses on reinforcement learning(R.L.); the study
proposes|91] using conditional shared knowledge to test the independence of
return and state-feature sequences explicitly. It creates a Markov decision
process for the R.L. problem. Conditional Mutual Information is used to se-
lect features. It selects the function that mostly increases conditional mutual
knowledge. An extended version of

Joint Mutual Information (J.M.1.)[92] is proposed in this work, which is
called Historical Joint Mutual Information (H.J.M.I.). This method solves
the J.M.I. score-stopping criteria in feature selection. In J.M.I., the users
are unable to define the stopping criteria; as a consequence, they need to
evaluate the whole learning chain to select the optimal features on the crite-
ria of the lowest training error in the learning. It develops stopping criteria
without exploring the entire chain, and developers choose the best feature
before the actual learning is completed. The decision of the sliding win-
dow period depends on the domain knowledge and calls for trivialities. Cur-
rently, no automatic method to handle the sliding window aggregate features
selection[93]. Feature generation with different periods and also sliding win-
dows takes a long time. It is very hard to enumerate them all and then select
them. the study proposes a general framework using Markov Chain for solv-
ing this problem. This framework is very efficient and has high accuracy; it
can perform feature selection on various features and period options. The
general selection of features for functions extracted by sliding windows in-
cludes time-consuming iterations to generate features in time series, followed
by standard approaches feature selection for the classification. The selec-
tion of the major parameter, namely the sliding time, is subject to domain
knowledge and needs triviality. There is currently no automatic method for
selecting the aggregate function of a sliding window. Because listing and se-
lecting the duration of feature production with multiple periods and sliding
windows is difficult, this article [94] presents a general approach to solving
this problem with the Markov Chain. This frame is incredibly efficient and
precise, allowing a variety of features and time options to be specified. Ap-
plying the current Markov chain theory can add more sliding windows and
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aggregation operators. Vector of Statistics from Time series(VEST) [95]is
a novel and automated feature-engineering approach. VEST is designed to
perform feature engineering using univariate and numeric time series to solve
forecasting problems. VEST is composed of three components: transforma-
tion, summarization and selection. Time series is transformed into several
representations; Data is summarized using the statistics functions mean and
standard deviation (S.D.).A feature selection filter is used to cope with high
dimensional problems, and the final set of features is added to the original
representation. After feature selection, an auto-regressive model is applied
to the final set of features.

4.5.7 Automatic feature selection based on hybrid Ap-
proaches

Four feature extraction methods are introduced in this study|96]. All of them
are fully automated to reduce the data dimension. Sensor and cyclical time
series data are used to generate big data. This method is essential in machine
learning to avoid model over-fitting and the curse of dimensionality. These al-
gorithms can extract features from cyclical time series and retrieve data from
the frequency or time-frequency domain’s local and overall cycle shape. It is
a reliable method in decision-making for predictive maintenance of the ma-
chinery equipped with sensor data. A collaborative data scientist paradigm
[97]is presented in this research. Independent data scientists intervene to-
gether to produce new features in real-time. Feature engineering source code
is generated in the context of a single predictive machine learning model
by independent data scientists. This approach is highly human-dependent.
Autofeat|98] is a library in the sci-kit learn package that automatically cre-
ates features in regression and classification problems. Complex nonlinear
machine learning models are difficult to train. The Autofeat library gen-
erates nonlinear features that improve the prediction accuracy of a linear
model while retaining its interpretability through a multi-step feature engi-
neering and selection process. The AutoFeatRegressor and AutoFeatClas-
sifier models in the AutoFeat library create and select additional nonlinear
input features based on original data. Models are available with a famil-
iar interface of scientific learning. The autofeat library is particularly useful
for heterogeneous data sets such as sensor measurements in various physical
units. The Automatic Feature Engineering Machine framework (A.F.E.M.)
is a novel strategy for automatic feature selection. This paper|[99] includes an
understandable framework to compute derived features. The approach uses
a set of predefined families of operators to derive new features. It is consid-
ered a mixed form of top-down and bottom-up approach in which features
are added to an initial set based on the application of specific operators. It
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seems like a numerical approach in which iteratively new features are added.
Features learnt by deep learning are opaque. In contrast, derived features
have explicit meaning. Symbolic Regression (S.R.) is a famous task in Evo-
lutionary Computation (E.C.). Traditional Regression is always preferred
over E.C. due to its sound mathematical foundation. The E.C. method is
used for automatic feature engineering to make smaller solutions easier to un-
derstand. The Kaizen Programming (K.P.) [100Jmethod is proposed, which
is based on a hybrid approach of E.C. and statistics. E.C. creates features
and statistical methods to build efficient models. K.P. provides a quality
solution compared to the traditional G.P. Brain-Computer Interface(BCI),
which is based on neuron signals generated by the brain. BCI is used as brain
E.E.G. signals communication via commands. Automatic feature selection
methods for BCI are introduced in this paper[101], which use correlation of
s-coefficients and t-statistics; these are ranking-based methods of features.
High-speed feature selection takes place in BCI as compared to other meth-
ods. S-coefficients are graded according to the degree of correlation, and t-
t-coefficients are summed (t-statistics). Automatic feature engineering is a
time-consuming task; therefore, a method is proposed that deals with the in-
teraction of features to improve performance and prediction accuracy. Three
heuristic methods are also introduced to reduce the measurement cost during
feature interaction. The average accuracy is reported as 95 per cent.[102] The
scalable Automatic Feature Engineering Framework SAFE[103] is proposed
for large-scale and massive data. It is an efficient framework for AutoML
feature engineering, but its practical application in industry is still a way
to go. xgboost model is applied for the feature selection. It is an iterative
algorithm that repeats until it finds the best feature from a large dataset. An
extended framework of automated feature engineering based on UML mod-
els is proposed|[104]. To date, a fully automated feature generation approach
has yet to be applied using the UML model approach because UML itself
is a complex task in software engineering and needs domain model experts
to construct UML modelling. This paper deals with new kinds of use cases
in the requirement engineering of product lines, classification of an activ-
ity diagram and transformation of use cases and activity diagrams into a
feature model. AutoML explored high-order interactions based on automated
function selection. AutoGroup|105] is an end-to-end model that performs a
selection of feature interactions. AutoGroup automatically generates inter-
actions of feature sets using a novel function. It consists of feature groups
in several function sets. AutoGroup can concurrently resolve dimensions re-
duction and selection difficulties not seen in prior models. Offline trials on
three large-scale public benchmark data sets reveal the offline tests demon-
strating AutoGroup’s performance and efficiency over state-of-the-art mod-
els. Data preprocessing, feature engineering, and hyperparameter optimiza-
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tion approaches are implemented for ML-supervised learning; the methods
only apply to tabular data in the textual format. It is primarily concerned
with prediction and classification tasks. Data scientists spend much effort in
preprocessing and Feature engineering. Automating these processes would
greatly improve the ML pipeline’s efficiency. In this study[106|, four meth-
ods are applied to features. 1. Principal Component Analysis (P.C.A.) to
reduce the dimension of the data.2. Analysis Of Variance (ANOVA) This
statistical method compares the target variable to the predicted variable. It
assumes that the group variance is 0. The alternative is that at least one
variable’s variance is different- ent.3. Pearson correlation: When two features
are highly correlated, one can be eliminated without compromising the data.
4. Select From the Model class of the Scikit-Learn feature. The Selection
module is a meta-transformer that removes unnecessary features from data.
It can be used with a model that allows feature coefficients or weights. A
threshold parameter removes features whose weight falls below it.

4.5.8 automatic feature selection based on Reinforce-
ment Learning

The study examines the effectiveness and efficiency of automated feature se-
lection balance. It addresses an optimum feature selection computational
problem. The classic feature selection techniques are effective, yet the op-
timal feature selection is difficult. The reinforced techniques of selection
of features detect the best subset but could be more efficient. This study
[107]offers a new feature size with an L.R.F.S. framework to resolve the issue
of the computation. I.R.F.S. assists learning agents in improving the inves-
tigation of features. In this context, two trainers, KBest-based and Decision
Tree-based trainers, are competent in two searching techniques. I.R.F.S.
has exceeded the classic selection process and the current approach to re-
inforced selection. It is more cost-effective and efficient. Generating useful
features from raw data is extremely difficult, as the search space contains
many non-informational features. This study proposes an automated new
performance-driven framework [108]|to provide discrimination based on raw
data using reinforcement learning, which helps enhance the downstream clas-
sification prediction by default. This framework unifies the characteristic
structure, interpretation, and computation logic. Financial data shows that
the offered approach has improved significantly over our years of field ex-
pert knowledge and genetic programming. Furthermore, this Financial Data
Reinforcement Learning (F.D.R.L.) frame can be easily modified for various
purposes because of its adaptability.



Chapter

Introduction to Financial Market

5.1 Overview of the Financial Market

Considering our current understanding of features and possession of all the
requisite features for our study, it is critical to grasp the characteristics and
dynamics of the financial market. Numerous underlying concepts impact
the financial market; these will be elaborated upon in the following sections.
Nevertheless, it is critical to commence by comprehending the foundational
concept of a market in finance.[109] The financial market operates as a dy-
namic ecosystem wherein individuals, organizations, and entities exchange
assets associated with the financial market. Cryptocurrencies,[110]| curren-
cies, and equities are included (coin pairings). Presently, every country ex-
erts a substantial influence on the worldwide financial market. This market
is worth trillions of dollars on a global scale. The facilitation of capital al-
location and [111] promotion of economic expansion are critical functions
financial markets perform. The financial markets exert an indirect impact
on the national economy.The cryptocurrency market is considered a sub-
sidiary sector within the broader financial market. It is an emerging and
unique industry that conducts transactions solely in cryptocurrencies, unlike
the traditional financial market, which encompasses various assets, including
equities, bonds, commodities, and fiat currencies.[112] The cryptocurrency
market is devoted exclusively to virtual or digital currencies for personal use.
Implementing cryptography for security purposes, the cryptocurrency market
comprises numerous concepts, including digital assets, the residences of mar-
ket participants, market mechanisms, risk, and return. These components
contribute to the expansion and heightened scale of the financial market.
A significant proportion of investors, banks, organizations, and speculators
from around[112] the world participate in crypto market activities. Glob-
ally, numerous operational stock markets exist, one of which is the market
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in the United States. Markets: cryptocurrency exchanges facilitate trading
on the European and Japanese markets; Binance, Kucoin, and Coinbase are
renowned exchanges utilized for trading. Understanding the fundamental
and most critical concept in cryptocurrency trading is the comprehension
of candlesticks. What are candlesticks and their behaviors? The market
trend, which the market observes, is the second most essential concept to
comprehend.

5.2 Introduction

It is among the earliest forms of commerce that the commodities exchange
has been conducted for millennia. Humans initiated commerce to acquire
necessities or desires that surpassed their production capabilities. Trade be-
came more sophisticated, and humans devised novel methods of exchanging
products and services as societies progressed.[110| Bartering was among the
earliest forms of commerce, in which goods or services were transferred for
other goods or services. Services rendered. Although this system functioned
admirably for centuries, locating a person who desired what you had to give or
who possessed the item you sought was frequently challenging. To solve this
dilemma, individuals started employing various objects as forms of currency.
As trade expanded and societies grew more complex, individuals initiated the
development of more advanced financial systems. An early illustration of this
phenomenon can be observed in the evolution of financial systems in ancient
civilizations like Babylonia. Merchants and traders deposited money and
merchandise with temple clerics who served as bankers. During the Middle
Ages, guilds were established to oversee commerce and safeguard the interests
of merchants as finance and trade continued to advance[113]. International
commerce necessitated the development of modern banking. Merchants re-
quired a secure method to transfer funds across borders. Present-day finan-
cial markets are sophisticated and complex, offering an extensive selection of
instruments and trading strategies. Facilitating capital low and providing
businesses with the necessary funding for expansion and innovation fulfill
an indispensable function in the global economy. The financial sectors have
since the earliest days of [114]|bartering and trading, and they continue to
develop alongside the introduction of new technologies and innovations. The
financial market operates as a dynamic ecosystem wherein individuals, orga-
nizations, and entities exchange assets associated with the financial market.
Cryptocurrencies, currencies, and equities are included (coin pairings). Eco-
nomically speaking, various markets exist, ranging from airport candies to
the global forest industry. The market participants increase their profitability
by maximizing their positioning and geographic area. Presently[115], every
country exerts a substantial influence on the worldwide financial market.
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This market is worth trillions of dollars on a global scale. The facilitation of
capital allocation and promotion of economic expansion are critical functions
financial markets perform. The financial markets exert an indirect impact
on the national economy[116]. The cryptocurrency market is considered a
subsidiary sector within the broader financial market. Investors trade own-
ership in companies on the equity market, also known as the stock market.
A person’s stock ownership signifies partial ownership in that company; if
they hold every stock, they acquire ownership of the complete organization.
It is an emerging and unique industry that conducts transactions solely in
cryptocurrencies, unlike the traditional financial market, which encompasses
various assets, including equities, bonds, commodities, and fiat currencies.
The cryptocurrency market is devoted exclusively to virtual or digital cur-
rencies for personal use. Implementing cryptography for security purposes,
the cryptocurrency market comprises numerous concepts, including digital
assets[117], the residences of market participants, market mechanisms, risk,
and return. These components contribute to the expansion and heightened
scale of the financial market. A significant proportion of investors, banks,
organizations, and speculators from around the world participate in crypto
market activities. Globally, numerous|118| operational stock markets exist,
one of which is the market in the United States. Numerous cryptocurrency
exchanges facilitate trading on the European and Japanese markets; Binance,
Kucoin, and Coinbase are renowned exchanges utilized for trading. Under-
standing the fundamental[119] and most critical concept in cryptocurrency
trading is the comprehension of candlesticks. What are candlesticks and their
behaviors? The market trend, which the market observes, is the second most
essential concept to comprehend.

5.3 Crypto Market

Cryptocurrencies, digital or virtual currencies protected by cryptography,
represent an unprecedented financial innovation. A decentralized network
of computers enforces an open ledger using blockchain technology, guar-
anteeing the integrity and security of transactions. Cryptocurrencies|[120]
are not minted by a central authority, unlike conventional currencies, which
renders them impervious to government intervention or manipulation. The
designation "crypto" refers to the cryptographic methods and encryption
algorithms that protect these currencies, enabling secure online transac-
tions without intermediaries. Blockchain is fundamental to the operation
of cryptocurrencies;[121] it stores authenticated transactions in a chain of
connected blocks on a distributed ledger. Every individual block is sub-
jected to autonomous verification by validators on the network, resulting in
an immaculate record of transactions. The potential of blockchain technol-
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ogy transcends cryptocurrencies, as it finds utility in diverse sectors, supply
chains, and operational procedures, including online voting and crowdfund-
ing. Blockchain technology is utilized by financial institutions|[122] such as
JPMorgan Chase & Co. to reduce transaction costs and expedite payment
processing.
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Figure 5.1: Financial market

Diverse varieties of cryptocurrencies function for objectives within their
blockchains[123|. Utility tokens consist of XRP and ETH, which execute
operations on their respective blockchains, and transactional tokens, such
as Bitcoin, which are intended to make payments. The diverse categories
include tokens for governance, platform tokens that facilitate blockchain ap-
plications, or security tokens that signify [Jasset ownership. Comprehend-
ing these classifications enables investors to evaluate the potential and in-
tent of a cryptocurrency, differentiating those that possess a distinct utility
from those that lack a distinct function|124]. Although the legal standing of
cryptocurrencies is still an intricate subject, they function independently of
conventional financial infrastructure and do not receive support from either
public or private organizations. The legitimacy of fiat currencies is derived
from monetary or governmental authorities, while cryptocurrencies continue
to encounter obstacles to establishing their legal status in various financial
jurisdictions around the globe.

5.3.1 Candlestick

A candlestick is a graphical depiction of price fluctuations in financial markets
frequently employed in technical analysis to examine and interpret past price
data. Each candle offers insights[125] into the opening, closing, high, and low
prices for a designated time interval, a minute, day, week, or any other time
period. An individual candlestick Has numerous elements. The body is
the initial and primary component of the candlestick. A variety of financial
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Figure 5.2: CandleStick

charts and candlesticks illustrate the price fluctuations of an asset over a
specified period[126]. Each candlestick represents a time period—hourly,
daily, weekly, and so forth. The opening, highest, lowest, and closing prices
for that period are presented. The candlestick’s body is[127] rectangular,
symbolizing the prices at opening and closing. Furthermore, two wicks are
present to symbolize the highest and lowest prices, respectively. When the
opening price is below the closing prices, body is customarily filled in green;
in the opposite scenario, known as the body, it is filled in red. Additionally,
candlesticks can reveal the demand and supply for a given period.

Body

The body of a candlestick refers to the rectangular region bounded by the
open and closed prices at a given moment. When the close value exceeds
the open value, the body is conventionally[128] filled or depicted in green or
white; when the open is greater than the close, the body is devoid of any
representation, shaded, crimson, or black in color. !

I\Body

Figure 5.3: CandleStick Body
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Wicks

Wicks are the slender lines that snake above and below the body. The greater
Wick Indicates the maximum price attained. During that period. The re-
duced Wick. Indicates the minimum price attained within that specified time

interval.

Wick

Figure 5.4: CandleStick Wicks

Closed and opening prices

The launch price denotes the initial price exchanged within a given period.
The last-traded price during the specified time period constitutes the closing

price.

Figure 5.5: CandleStick Close and Open Price

Close

Open

5.4 Patterns in the candlestick

5.4.1 Positive Patterns

Bullish Engulfing

A larger bullish candlestick engulfs the preceding smaller bearish candlestick.
2

Zhttps:/ /www.dailyfx.com /education /candlestick-patterns /bullish-engulfing.html
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Bullish Candle
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Figure 5.6: Bullish Engulfing

Hammer

A small body with a long lower fringe at the peak, which suggests the pos-
sibility of a reversal following a downtrend.
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Figure 5.7: Hammer

5.4.2 The Bearish Sequence

Bearish Engulfing

A larger bearish candlestick engulfs the preceding smaller bullish candlestick.

Shooting Star

A small body with an extended upper wick at the bottom of an uptrend,
indicating a possible reversal.

3https://www.thinkmarkets.com/en /learn-to-trade/indicators-and-patterns,/general-
patterns/hammer-candlestick-pattern/
4https://fxopen.com/blog/en/shooting-star-pattern/
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Shooting Star

:
]

Figure 5.8: Shooting Star

5.4.3 Indecision or Reversal of Trend
Doji

A doji is formed whenever the opening and closing prices are identical, indi-
cating market indecision. °

Figure 5.9: Doji

spinning

A spinning top is a small body with upper and lower wicks that spin, signi-
fying a tug-of-war between sellers and purchasers. ¢

Shttps://www.learnstockmarket.in /technical /doji-candle-stick /
Shttps://www.dailyfx.com /education /candlestick-patterns/spinning-top-candle.html
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Bullish Spinning Top: Bearish Spinning Top:
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Figure 5.10: spinning

5.4.4 Continuation Structure

The absence of wicks on a marabou candlestick indicates robust momentum
in the desired trend direction. Candlestick charts offer a graphical and in-
stinctive method for assessing market sentiment, price trends, and reversals.
Analysts and traders make informed judgments regarding the entry and exit
of positions in financial markets by analyzing candlestick patterns.

Close Open

Open Close

Figure 5.11: Continuation Structure

5.5 Trends

In financial markets, a trend refers to the general direction in which the
prices of assets are moving over time. Recognizing and understanding trends
is fundamental to technical analysis, a method traders and analysts use to
make predictions about future prices movements based on historical data.
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5.5.1 Types of Trends

Uptrend

A series of higher high and higher low characterize an uptrend. Prices gener-
ally move upward, indicating bullish market sentiment. Investors often seek
opportunities to buy during uptrends. *

Uptrend

Figure 5.12: Uptrend

Downtrend

A sequence of lower high and lower low marks a downtrend. Prices gener-
ally move downward, indicating a bearish market sentiment. Investors may
consider selling or shortening during downtrends. ®

Downtrend

Figure 5.13: Downtrend

Sideways or Range-bound Trend

Prices move within a horizontal range with no clear upward or downward
direction. This trend is also known as consolidation, and it often occurs
when the market is indecisive or lacks a dominant trend. °

Thttps://www.babypips.com /forexpedia/uptrend
8https: //www.babypips.com /forexpedia/downtrend
9https://www.learnstockmarket.in /term /sideways/
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Figure 5.14: Sideways or Range-bound Trend

5.6 Market Sentiment

Market sentiment, also referred to as investor sentiment, is a substantial
gauge of investors’ overall perspective and disposition[129] regarding a partic-
ular security or the wider financial market. This attitude, reflected in pricing
trends, significantly affects supply and demand and, thus, price fluctuations.
When market sentiment is bullish, as evidenced by an increase in prices|130],
and bearish, as prices decrease, traders employ sentiment indicators in con-
junction with other analysis techniques to optimize entry and exit signals.
The objective is to achieve the highest possible returns by precisely and
promptly assessing and responding to market sentiments. The Behavioral
Finance Theory, as proposed by Kahneman and Tversky, examines "irra-
tionality" among investors that is psychologically grounded. Investor behav-
ior is substantially influenced by cognitive and affective biases, including but
not limited to overconfidence, reliance on previous performance, or difficulty
adjusting viewpoints to new information. Investors’ decisions, which are fre-
quently influenced by perceptions and the decisions of other investors[131]
rather than rigorously adhering to fundamental principles, impact market
dynamics. 1°

Fear & Greed Index

Now:
Extreme Fear

e.
|

Figure 5.15: Market Sentiment
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John Maynard Keynes’ Animal Spirit Hypothesis posits that in situa-
tions of uncertainty, individuals succumb to cognitive biases and allow their
emotions to guide their decisions. Connected to market sentiment|132], herd
behavior causes investors to migrate to thriving markets with impractical ex-
pectations, thereby contributing to market downturn excesses and inefficient
prices. Diverse market sentiment-driven trading strategies exist. Long-term
investors anticipate capital gains and rewards during periods of favorable sen-
timent by the prevailing sentiment. In contrast, contrarian investors oppose
the dominant sentiments by identifying opportunities in undervalued equities
with solid fundamentals. They do so during periods of extreme pessimism
to capitalize on market sentiments when they reverse. Market sentiment is
of the utmost importance to day dealers and technical analysts, as it dic-
tates short-term price fluctuations based on the psychology of the masses.
By trading in opposition to the prevailing trend, contrarian investors can
profit from market sentiment when they trade against the consensus. The
denotations "bullish" and "bearish" pertain to market sentiment and signify
price movements in an upward or downward direction[133]. It is critical to
observe that fundamental market adjustments and sentiment do not invari-
ably coincide. Sentiments frequently influence the stock market, and price
fluctuations may transpire for motives foreign to fundamental analysis. The
basic value is based on actual business performance, whereas sentiment in
the marketplace reflects broad issues, expectations, or emotions. Investors
must consider both elements to attain a comprehensive understanding of the
market.

5.7 Depth of Market

Depth of Market (DOM), alternatively known as the depth of the market or
the order book, is an essential notion within financial markets. It furnishes
an all-encompassing perspective on the interplay between demand and sup-
ply for a specific asset[134]. In addition to presenting the highest bid and
offer prices, it furnishes an exhaustive inventory of all outstanding sale and
purchase orders across different price tiers. This data is of the utmost impor-
tance for speculators attempting to comprehend the intricacies of the market
and possible fluctuations in prices. Market depth is represented graphically
through a dynamic computerized list that is perpetually updated in real time
to mirror modifications in the purchased book. The system comprises a se-
quence of price levels, each representing the aggregate quantity of orders to
buy or sell. Traders can evaluate the liquidity of an asset and forecast its
price reaction to different trading activities by analyzing this data. A depth

Ohttps://alternative.me/crypto/fear-and-greed-index/
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of market exhibit comprises the price threshold, number of orders, and mar-
ket actors as its principal components. The price level denotes the precise
cost at which orders are transmitted, while the order quantity discloses the
overall quantity of contracts or shares purchased at that price level. Each
buyer (bids) and vendor (asks) identified as market participants contributes
to the aggregate market sentiment.

BTC/USDT

Figure 5.16: Depth of Market (DOM)

Comprehending market sentiment via DOM is crucial to making well-
informed trading decisions. To forecast possible price fluctuations, traders
frequently examine the order book for anomalies, patterns, or imbalances.
As an illustration,[135] a substantial accumulation of purchase orders at a
particular price level might suggest robust support, whereas an abrupt up-
swing in sell orders might indicate resistance. In volatile and fast-paced
markets, where immediate details can mean a substantial difference, DOM
data is especially valuable. Market depth is a common tool utilized by al-
gorithm traders, day traders, or institutional investors to optimize how they
trade and implement orders more efficiently. Specific sophisticated trading
platforms provide previous market depth analysis and present current mar-
ket conditions. This functionality enables traders[136] to examine historical
order book data, which assists them in recognizing recurring patterns and
enhancing their predictive capabilities. In its entirety, depth of market is a
potent instrument that provides traders with discernment into the complex
strata of supply and demand, thereby facilitating better-informed decision-
making and augmented risk management within the ever-changing realm of
financial markets.
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5.8 Bear and Bull

The financial media discourse surrounding bear and bull markets underscores
their importance to investors and the economy. Inadequate academic re-
search and the absence of precise definitions and consensus regarding turning
points, on the other hand, contribute[137] to their ambiguity. In contrast to
the established turning points of the business cycle, as reported by NBER,
bear and bull markets do not share a comparable foundation. The lack of
scholarly attention in previous decades can be attributed to the erroneous
belief that stock market prices fluctuate randomly. The current study chal-
lenges this notion by proposing that changes in fear of risk or other aspects of
the economy may cause expected returns to fluctuate over time. ! They are

Figure 5.17: Bear and Bull

introducing an official definition of bear and bull markets and implementing
it using two empirical turning point detection procedures. The definition
centers on the consistent increase in share prices, drawing inspiration from
techniques employed in business cycle analysis[138]. Bull markets are distin-
guished by two criteria: first, local peaks and lows, defined by sufficiently
persistent gains; second, they are periods of returns that exceed the norm.
The analysis examines the consistency and longevity of the bull and decline
market phases over a two-hundred-year period, thereby shedding light on
their enduring characteristics. Consistency among the two approaches is val-
idated, and the outcomes shed light on bull and bear market characteristics.
Consistency in a model of time-sensitive mean return parameter movements

Uhttps: //www.vectorstock.com /royalty-free-vector /bull-vs-bear-symbol-stock-market-
trend-vector-34478761
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is suggested by in-sample tests, which calls into question the validity of a
random-walk framework with constant drift. The implications of the results
extend to the development and evaluation of models based on capital asset
pricing theory, underscoring the significance of share index turning points
as early warning indicators for market timing. This paper enhances com-
prehension of the cyclical behavior of the stock market, thereby stimulating
further investigation in this field[139]. '* A bull market in the financial
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Figure 5.18: Bear Market

markets is characterized by an extended duration of price appreciation and
a positive investor outlook. A general sense of assurance exists regarding the
market’s upward trajectory during this stage, propelled by robust corporate
earnings, positive economic indicators, and an overall optimistic economic
forecast.[140] Bull market investors are likelier to purchase securities, con-
tributing to increased demand, price appreciation, and market prosperity. A
bear market, conversely, is characterized by a prolonged duration of declining
prices and a negative outlook among investors. A bear market is character-
ized by pervasive apprehension regarding the state of the economy, which
discourages the purchase of securities [141]on the expectation of further de-
clines. Bear markets are characterized by diminished corporate earnings and
unfavorable economic indicators, contributing to heightened selling pressure,
reduced prices, and increased trading volumes as investors attempt to liqui-
date their positions. Investors rely heavily on the terms "bull marketplace"
and "bear market" to assess market conditions and formulate well-informed
decisions based on prevailing sentiments.

2https:/ /www.investopedia.com /terms /b /bear-market-rally.asp
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5.9 Advanced Insights into Spot, Margin, and
Futures Trading in Cryptocurrency Mar-
kets

Spot trading is a rudimentary form of commerce in which assets, including
cryptocurrencies, are exchanged for and against one another at the prevailing
market value. Comparable to conventional commerce, it provides instant
ownership. Nonetheless, this method excludes leverage, requiring traders
to utilize solely their current assets without procuring additional funds.
Moreover, the settlement of the entire transaction occurs in real time,
establishing a palpable sense of ownership.

As an extension of Spot Trading, Spot Margin Trading presents the notion
of leverage[142|. Traders can also borrow funds from the platform to
augment their trading positions, facilitating the purchase or sale of assets
more than their present holdings. Although ownership remains unchanged,
the increased dependence on borrowed capital raises the possibility of
liquidation, particularly if market fluctuations render the loan-to-value ratio
unfavorable.

Futures trading is an intricate [143]financial instrument in which partici-
pants engage in contractual agreements constructed around an underlying
asset, commonly cryptocurrencies. Futures contract purchases and sales, in
contrast to spot trading, do not result in the transfer of physical ownership
of the assets involved. Rather, they entail an obligation to purchase or sell
the underlying asset at a pre-arranged price on a future date. Leverage
is a crucial instrument that empowers traders to manage larger positions
with a reduced margin. Futures contracts are differentiated from perpetual
contracts by expiration dates, necessitating their settlement. These financial
instruments function for speculative and risk-hedging objectives within
the ever-changing cryptocurrency market, offering a flexible strategy for
maneuvering through market fluctuations.

5.10 Technical Analysis

Technical analysis is an all-encompassing trading discipline that operates
under the premise that market activity mirrors every piece of information
accessible. Technical analysis, which Charles Dow and the Dow Theory ini-
tially formulated in the late 1800s, has since been substantially enhanced and
broadened by eminent scholars, including John Magee, William P. Hamilton,
Robert Rhea, and Edson Gould. The evolution serves to emphasize its last-
ing significance throughout the centuries.
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Technical analysis is predicated on the comprehension of how the actions of
market participants influence the prices of securities, as opposed to evaluating
their intrinsic value. Traders operating in historical markets, such as those
handling rice in Japan or corn in England, devised basic charting techniques
like the contemporary "Point and figure" chart to evaluate the equilibrium
between supply and demand and facilitate subsequent transactions.
Fundamentally, technical analysis examines volume trends, price fluctua-
tions, and psychological determinants that impact participants in the market.
It uses various instruments such as mathematical computations, statistical
tools, and chart pattern analysis to interpret the dynamics of supply and
demand. In contrast to fundamental analysis, which assesses the value of
a security by considering economic factors, technical analysis is predicated
that historical price fluctuations and trading activity provide valuable indi-
cations of forthcoming trends. Over the course of its development, the field
has assimilated countless patterns and signals that have been extracted from
thorough research. By examining the effect of supply and demand on price,
volume, and implied volatility, technical analysis tools produce trading sig-
nals for the near future. In addition to forecasting price fluctuations, these
tools assist analysts in assessing security’s relative strength or vulnerability
in the wider market. Technical analysis, which applies to a wide range of
securities with a trading history encompassing futures, equities, commodi-
ties, fixed income, and currencies, gains considerable traction in the forex
and commodities markets, where minute price fluctuations hold the utmost
significance. Technical analysis continually updates its trading strategies to
incorporate emerging signals and patterns as markets progress. This ensures
that it remains a valuable tool for retail and professional investors. Due to its
continuous adaptability, historical origins, and versatility, technical analysis
is indispensable to market analysis and trading decisions.

5.10.1 Technical analysis Trends

Horizontal congestion with a Double Bottom pattern

A peak distinguishes Horizontal Congestion with a Double Bottom pattern
consisting of two consecutive troughs. Support levels are typically formed by
rounded or pointed troughs at or near the same price level. A consolidation
phase is denoted by the fluctuation in price between the support level estab-
lished by the troughs and the peak. The price must ultimately surpass the
midpoint to validate the pattern, indicating the possibility of a trend reversal
or continuation. Traders frequently seek after this pattern because it may in-
dicate a change in market sentiment and present advantageous circumstances
for strategic entry or exit points. 3
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Figure 5.19: Horizontal congestion with a Double Bottom pattern

Horizontal Congestion with a Dual Top

Two consecutive peaks separated by an opposing reversal point comprise the
"Horizontal Congestion with a Dual Top" technical analysis pattern. These
rounded or pointed peaks are commonly encountered at or near the same
price and constitute resistance. The pattern indicates a phase of consoli-
dation or gridlock in price movement. To validate the pattern, prices must
ultimately surpass the intermediate reversal point, which would signify the
possibility of either a trend reversal or its continuation. By studying the re-
versal point and the formation of two sequential peaks, investors and traders
can discern possible resistance areas and formulate well-informed decisions
anticipating future price fluctuations.
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Figure 5.20: Horizontal Congestion with a Dual Top

Horizontal Congestion Triple Top

A technical analysis formation, the "Horizontal Congestion with a Triple
Top" pattern is distinguished by two intermittent troughs that separate three
distinct peaks at approximately the same price level. Traders frequently re-
gard this pattern as a possible indication of a reversal in the price movement,

Bhttps : /Jwww. fidelity.com/bin — public/060,ww ridelity.om/documents/learning —
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as it signifies a phase of congestion or consolidation. A breakout occurs when
the price surpasses the extreme of an intermittent trough or a trend line that
connects those two points. The price surpassing a resistance level signifies a
potential shift in market sentiment, which qualifies this breakout as signif-
icant. Examining the configuration of three consecutive peaks interspersed
with sporadic troughs enables traders to discern critical levels and render
well-informed judgments regarding prospective shifts in trends.

Resistance line
Pullback

@ S

Support line
Entry Breakout
Price

Figure 5.21: Horizontal Congestion Triple Top

Horizontal Congestion Triple Bottom

Three distinctive troughs at approximately the same price level, divided by
intermittent summits at any level, define a Triple Bottom. The breakout is
deemed confirmed when the price surpasses the highest or lowest point of
the intermittent peaks or a line of trend that connects those points. Traders
must closely monitor market conditions and assess potential failings before
basing decisions on this formation, as its optimal performance may occur
after a prolonged decline. Knowing the unique characteristics that define
the Triple Bottom pattern empowers traders to discern possible reversals of
trends and execute well-informed trading decisions.

Horizontal Congestion Rectangles

Price action is constrained by a trading range of support and resistance levels
during a broadening formation. With a modest incline, it resembles a hor-
izontal channel. Nevertheless, it frequently encounters numerous erroneous
breakouts, requiring substantiation of a breakout before formulating trad-
ing strategies. The "shortfall," which may indicate the eventual breakout
trajectory, ought to be considered by traders. This pattern might be most
effectively executed by a bottom bursting upward. Analyzing broadening
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Figure 5.22: Horizontal Congestion Triple Bottom

formations entails evaluating these attributes to predict possible alterations
in market dynamics.
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Figure 5.23: Horizontal Congestion Rectangles

Triangle Symmetrical

A sloping downward upper trend line or an upward-sloping lower trend line
comprises the descending triangle pattern, which forms a triangle. At least
two price touches are required at each boundary within this pattern, and
numerous false breaches are possible. Although performance has been mod-
erately successful, traders must verify a breakout before reaching any con-
clusions. As it is regarded as above average among all patterns, an upward
breakout could be the most favorable outcome for this pattern. Traders
frequently examine descending triangles in search of forward-looking price
movement indicators. !°
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Figure 5.24: Triangle Symmetrical

Triangle Ascending

The ascending triangle pattern is distinguished by a lower trend line that
slopes upwards and an upper trend line that is horizontal in orientation.
The horizontal trend line functions as a support, and the ascending trend
line functions as a resistance, forming a triangular configuration. Although
prices may break in either direction during this pattern, an upward breakout
is more frequent. Breakouts frequently transpire within the observed pat-
tern, and although failure rates are approximately average, numerous minor
false breakouts may transpire. On the upside, post-breakout performance is
regarded as average, while on the downside, it is regarded as above average.
Traders look for ascending triangles as possible indicators of forthcoming
price fluctuations.

Triangle Descending

The descending pyramid pattern is delineated by two trend lines, wherein
the lower line exhibits a horizontal inclination while the upper line descends.
Typically, this pattern signifies a phase of market consolidation in which
prices are contained within both trend lines. Although prices can break in
either direction, downward breakouts are the norm. When an upside break
occurs, the descending triangle typically demonstrates above-average perfor-
mance despite the possibility of retracements. Traders frequently scrutinize
this pattern due to its insights regarding possible price movements after a
breakout. ¢

Bhttps : /Jwww. fidelity.com/bin — public/060,ww sidelity.om/documents/learning —
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Figure 5.25: Triangle Ascending
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Figure 5.26: Triangle Descending
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Head and Shoulders Top

The triple top pattern is distinguished by three peaks, the highest at the cen-
ter. The cranium of the pattern is elevated, while the shoulders are roughly
at the same level. A crucial component is the "neckline," denoted by a line
that joins the two troughs between the peaks. Completeness of the pattern
is indicated by a breach occurring below the neckline. Analysts frequently
project targets for future price movement. These targets are calculated by
extending the distance from the top of the head toward the neckline and
then projecting that distance downwards from the neckline. Significantly,
this triple peak pattern is renowned for its comparatively low failure rates,
rendering it a conventional and dependable pattern to discern prospective
market peaks.

Ascending Triangle
(breakout down)

Pullback
Resistance line

Entry O O

@ Support line
Breakout
Uptrend Line

Figure 5.27: Head and Shoulders Top

Head and Shoulders Top

The triple top pattern is distinguished by three peaks, the highest at the cen-
ter. The cranium of the pattern is elevated, while the shoulders are roughly
at the same level. A crucial component is the "neckline," denoted by a line
that joins the two troughs between the peaks. Completeness of the pattern
is indicated by a breach occurring below the neckline. Analysts frequently
project targets for future price movement. These targets are calculated by
extending the distance from the top of the head toward the neckline and
then projecting that distance downwards from the neckline. Significantly,
this triple peak pattern is renowned for its comparatively low failure rates,

Bnttps : /Jwww. fidelity.com/bin — public/060,wwsidelity.om/documents/learning —
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rendering it a conventional and dependable pattern to discern prospective
market peaks.
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Figure 5.28: Head and Shoulders Top

Head and Shoulders Bottom (Inverse)

The examined pattern exhibits an inverted structure similar to a top pattern
while retaining its overall characteristics. Nevertheless, notwithstanding the
resemblances, this inverted pattern generally yields lower profits than its
counterpart, the top pattern. These unique characteristics are considered
by traders and analysts when evaluating market conditions and formulating
decisions predicated on observed patterns. !”

Cup and Handle

The subject pattern is distinguished by its rounded bottom (as opposed to
a "V" bottom), two conspicuous "lips" situated at each end, and a unique
"handle" that bears resemblance to a flag pattern and extends from the base.
The pattern is concluded with an eruption occurring above both lips. Notable
is the fact that these patterns frequently undergo a recall, during which the
price re-enters the area of the outbreak. This pattern’s overall performance is
on par with the norm for bottom patterns. Traders and analysts meticulously
scrutinize these elements to assess possible price fluctuations and formulate
well-informed decisions predicated on the discerned pattern ®

Yhttps : /Jwww. fidelity.com/bin — public/060,,ww fidelity.om/documents/learning —
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Figure 5.29: Head and Shoulders Bottom (Inverse)
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5.11 Support and Resistance

Technical analysis is predicated on the foundational principles of support and
resistance, which serve as the skeleton for perceptive price chart interpreta-
tion. These concepts are predicated on the intricate interplay between supply
and demand, with prices reacting to changes in these conditions. In essence,
prices increase when supply exceeds demand and decrease when demand is
insufficient supply. Sideways movement signifies a balanced supply and de-
mand state, providing a more intricate perspective on market sentiment.

While not an exact science, technical analysis is a navigational tool for traders
striving to make well-informed decisions within the financial domain. A cru-
cial principle identified in downtrends is that support becomes tangible when
prices decline due to an oversupply. A reduction in prices attracts prospec-
tive purchasers, thereby stimulating heightened demand. When supply and
demand converge to a particular threshold, a support level is formed, halting
prices’ downward momentum. This support may take the form of a distinct
price level or a wider zone, signifying a region where purchasers are enthu-
siastic about engaging. The ability to distinguish these levels gives traders
the anticipation necessary to forecast possible reversals in the current price
trend. On the contrary, resistance functions as the antithesis of support. As
a result of increased demand, ascending price movements encounter an inflec-
tion point at which selling pressure exceeds buying interest. The graphical
representation of this resistance level on price charts indicates the critical
point at which supply surpasses demand. Resistance, akin to support, may
take the form of a distinct level or a more expansive zone. Traders must
possess the critical ability to recognize and understand these levels, as they
function as strategic entry or departure points in their trading deliberations.
By utilizing support and resistance zones, traders can effectively anticipate
and navigate price fluctuations. The reaction of prices to these levels pro-
vides traders with information regarding possible continuations or reversals
of trends. Returning from these levels would indicate a likely continuance of
the current trajectory, whereas a breach would indicate a reversal and po-
tential financial losses for speculators. Technical analysis, which integrates
scientific and artistic principles, entails a rigorous evaluation of past support
and resistance levels to extract predictions regarding potential future mar-
ket responses. The adaptability of support and resistance is demonstrated
across various periods, including daily, weekly, and monthly charts. The
importance of support or resistance is frequently emphasized over extended
time periods. Traders astutely discern past levels and predict the reverber-
ation of analogous responses in subsequent periods. Although not flawless,
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this methodology takes advantage of the combined behaviors of market par-
ticipants, thereby converting these levels into dynamic zones that impact
trading choices.

When used in conjunction with static barriers, trendlines are essential el-
ements in the analysis of support and resistance. As prices approach the
trendline during an uptrend, support is identified as a barrier against sub-
stantial declines. On the contrary, traders identify declining peaks during
a downtrend and establish a connection between them and a trendline, ex-
pecting resistance as prices near this line. A minimum of three touches is
necessary to affirm a trendline as legitimate. Support and resistance gain
greater significance as the frequency of historical rebounds from these lev-
els increases. Traders employ these levels strategically as entrance and exit
points, recognizing the significant influence they have on the course of an
asset. Although not without difficulties, technical analysis is an essential in-
strument for traders to navigate the complex landscape of financial markets.
Proficiency in these principles necessitates years of diligent application, em-
phasizing the critical significance of experience in efficiently capitalizing on
support and resistance in all-encompassing trading strategies.

5.12 Fibonacci series

Honoring the Italian mathematician Leonardo Pisano Bogollo, who was
subsequently referred to as Fibonacci, the Fibonacci series (sum) consists
of the Fibonacci numbers represented as Fn. The Fibonacci series numbers
are 0, 1, 1, 2, 3, and 5,... All terms in a Fibonacci series are calculated as
the sum of the two terms that came before it, with the first and second
terms being 0 and 1, respectively. There are older|[144| references that may
omit the letter '0’. Mathematicians remain captivated by the series, and its
captivating properties continue to be the subject of investigation and study.
Natural phenomena exhibit implementations of the Fibonacci series. It is
present in biological environments, such as tree branching and flower petal
patterns. The following sections will examine the Fibonacci series formula,
properties, and applications. The sequence of numbers called the Fibonacci
series (or Fibonacci numbers) consists of each number being the product of
the two antecedent numbers, with the initial two elements consisting[145] of
the digits 0" and '1’. There may be prior iterations of the series in which
the letter '0’ is omitted. Thus, the following constitutes a Fibonacci series:
0,1,1,2, 3,5,8, 11, ... Thus, it is evident that each term can be determined
through the process of aggregating the two terms preceding it. Using the
values 0" and "1’ for the first and second terms, FO and F1, respectively, the
third term F2 = 0 + 1 = 1. In a similar vein,
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F3=1+1=2
F4=2+1=3
F5=2+3=5
F6 =3 +5=28

F7 = 5 plus 8 equals 13, plus

Hence, the corresponding expression is for any term (n+1) in this series.
Consequently, a Fibonacci series can be visually depicted in the subsequent
image. In mathematics, the formula for the Fibonacci series can be utilized to
locate the absent elements within the Fibonacci series. Utilizing the recursive
formula, the (n+1) element in the sequence can be determined as , where =
0 and = 1.

To create the Fibonacci series spiral, a logarithmic spiral, the corners
of squares whose side lengths correspond to the Fibonacci numbers in the
sequence are joined. The spiral is observed in various natural phenomena,
including the leaf arrangement on a stem, the carapace of a nautilus, and the
spiral arms of galaxies, among others. The Fibonacci series spiral, renowned
for its symmetrical and aesthetically appealing appearance, has been the
subject of extensive mathematical study. The subsequent rectangle featuring
the spiral of the Fibonacci series is a golden rectangle. Thus, the "Golden
Ratio" characterizes its dimensions.

13x13

Figure 5.31: Fibonacci series spiral

19 Fibonacci retracement levels, which are horizontal lines denoting
possible support and resistance areas, are derived from the Fibonacci
sequence[146]. On a chart, these percentage-based levels—23.6%, 38.2%,
50%, 61.8%, and 78.6%—are delineated between two significant price fac-
tors. The identification of Fibonacci retracement levels is facilitated by their
static nature, which enables traders to anticipate and react to price levels

Yhttps: //www.cuemath.com /numbers/fibonacci-series /
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effectively. Traders employ Fibonacci retracement levels for many objectives,
including but not limited to establishing price targets, placing entry orders,
and determining stop-loss levels. In addition to these levels, other technical
analysis techniques, such as Elliott Wave theory and Gartley patterns, are
incorporated. Nevertheless, discerning which of the numerous Fibonacci re-
tracement levels will exert the most significant influence at any given moment
presents a formidable obstacle. In technical analysis, Fibonacci retracements
are indispensable because they mark critical regions where a stock may re-
verse or halt. Mathematically derived from the Fibonacci sequence, these ra-
tios (23.6 percent, 38.1 percent, 50 percent, 61.8 percent, and 78.6 percent)
provide traders with [147]insights into potential price movements. Using
Fibonacci retracement levels entails delineating trend lines between pivotal
data points on a chart, enhancing the informed Ness of trading strategy deci-
sions. Notwithstanding the unpredictability of price responses at such levels,
integrating Fibonacci retracements alongside additional indicators augments
the precision of trend evaluations and trading judgments.

The Fibonacci sequence and its corresponding ratios hold considerable impor-
tance in the domain of technical analysis as it pertains to financial markets.
Traders frequently employ Fibonacci tools to discern critical levels of resis-
tance, support, and prospective market reversals. The following ratios result
from the sequence, which begins with 0 and 1 and proceeds with each num-
ber being the sum of its two preceding numbers: 23.6%, 38.2%, 50%, 61.8%,
and 78.6%. Based on these ratios, numerous Fibonacci applications are con-
structed. In price charts, Fibonacci retracement levels link pivotal moments,
including market lows and highs. The following levels—23.6%, 38.2%, 50%,
61.8%, and 78.6% — signify potential support or resistance zones for the
price of an asset, thereby presenting opportunities for reversals or consol-
idation. Furthermore, when applied to substantial moves in the direction
of the trend, Fibonacci extensions forecast forthcoming price levels; typical
extension levels consist of 161.8%, 261.8%, and 423.6%.

Traders also utilize Fibonacci ratios to determine critical levels of support and
resistance. The 61.8% threshold, commonly known as the "Golden Ratio,"
possesses notable importance as a prospective point of reversal. Fibonacci
fans and arcs serve the purpose of identifying trendlines and drawing at-
tention to possible regions of reversal. Time zones, an additional Fibonacci
instrument, are vertically applied to price charts to indicate potential pe-
riods of trend change for the market according to intervals derived from
Fibonacci. In addition, Fibonacci ratios play a crucial role in Elliott Wave
Theory, a technical analysis approach that discerns discrete waves within
market fluctuations. The recurrent adherence of these waves to Fibonacci
relationships enhances the predictive capability of the theory. Although not
without its limitations, utilizing Fibonacci tools in financial markets grants
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analysts and traders significant knowledge regarding possible price levels,
trends, and junctures of reversal, thereby enhancing the repertoire of techni-
cal analysis methodologies.

5.13 Order Book

An order book is an essential element within financial markets; it denotes
a scrupulously organized electronic compendium of orders to buy or sell a
particular security or investment vehicle|[148|, categorized by price level. As
this configuration is commonly known, market depth depicts the number of
shares being offered or bid on at each price level. Additionally, the iden-
tities of the market players who placed these orders are revealed, although
some may choose to remain anonymous. Order books enhance market trans-
parency by providing traders with crucial trading information that facilitates
formulating well-informed decisions.

Order Book

Figure 5.32: Order Book

Order books are widely employed on many exchanges, covering many as-
sets, including equities, bonds, currencies, securities, and cryptocurrencies
such as Bitcoin. Although the information they contain is generally identical
in both manual and electronic formats, the way the orders are presented|148|
may differ depending on the source. The purchase and sell information could
be displayed on the screen in a left-and-right or top-and-bottom orientation.
A dynamic and perpetually updated real-time instrument, an order book
functions as such throughout the course of the trading day. It is referred
to as the "continuous book" by exchanges like Nasdaq; for orders requiring
execution at market open or closure, distinct records are kept and are called
the "opening (order) book" and "closing (order) book," respectively|[149]. At
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the opening and closing of the Nasdaq market, these accounts are consoli-
dated to obtain a singular opening and closing price. Generally, an order
book comprises three essential elements: order history, purchase orders, and
sell orders. Purchase orders exhibit pertinent consumer details, such as the
quantities they intend to purchase for each proposal. Similar to purchase
orders, sell orders include all asking prices or proposals at which individu-
als are willing to sell. The market order history provides a comprehensive
log of all previous transactions. The highest offer and lowest ask prices are
displayed at the head of the book, providing traders with an indication and
analysis of the current market conditions and the prices that are essential
for carrying out orders[150]. Traders utilize the information contained in the
order book to improve their decision-making. Through an analysis of the
brokerages involved in the purchase and sale of equities, one can ascertain
whether institutional or retail investors are the primary drivers of market
fluctuations. In addition to disclosing order imbalances, the order book of-
fers immediate insights into the potential trajectory of a given stock. For
example, a substantial imbalance in favor of buy orders could indicate that
purchasing pressure exerts upward momentum. Although the order book
strives to ensure transparency, specific components, such as "dark pools,"
remain undisclosed. These are hidden bundles of orders maintained by ma-
jor market participants who wish to conceal their trading intentions. As price
devaluation is typically the result of public disclosure of significant transac-
tions before execution, dark pools aid in maintaining price stability. While
the existence of dark pools diminishes the complete transparency of the order
book, it emphasizes the intricate nature of market dynamics.

5.14 Wyckoff Theory

Traders may adopt a variety of trading strategies; however, only some of
them are effective. Indeed, many of these methodologies have demonstrated
their ineffectiveness as time has passed. However, Wyckoft’s Theory is one
of those schools of philosophy that has withstood the test of time. Wyck-
off Theory was established in the 1930s by Richard Wyckoff, and merchants
continue to employ it to examine the financial markets at present[151]. A set
of principles known as Wyckoff Theory enables traders to comprehend insti-
tutional actors. It enables traders to identify Smart Money’s footprints and
trade with those with the greatest market influence. By doing so, the trader’s
profitability and accuracy are enhanced. Richard D. Wyckoff emerged as an
early adopter of a technical framework within financial markets. He occupied
a prominent position within the realm of technical analysis. Wyckoff endeav-
ored to discern latent patterns or rationales that underpin bond, commodity,
and stock market fluctuations. Wyckoff obtained visibility into the machina-
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tions executed by Smart Money. He developed the "Richard Wyckoff Theory
of Acquisition and Distribution," which he called "The Composite Man" at
the time, based on his expertise in the financial markets. Wyckoft’s research
revealed that several prosperous market participants and high-performing
equities of that era possessed comparable characteristics. He examined the
"trading range," the optimal price range for purchasing or selling a stock, in
detail. He discovered through additional research that it was feasible to fore-
cast forthcoming price fluctuations. Per Wyckoff, institutional investors and
Smart Money operators construct their orders within these trading ranges.
Nevertheless, their strategies are manifested in prices through the imprint
they leave, which can be utilized to forecast future prices by analyzing these
trading ranges. Wyckoff observed that these manipulations consistently un-
covered retail dealers. After that, he devoted himself to educating the public
about the "Wyckoff Theory" that evolved from the "Rules of the Game"
utilized by major institutions. Collectively, Wyckoff referred to these institu-
tions or major actors as the "Composite Man." Wyckoff proposed the notion
of the "Composite Man" to delineate how an individual operating in the
background could manipulate a trading asset for the greater good. How-
ever, it is possible to characterize the Composite Man as the Central Bank,
given its authority over the valuation of every traded asset. The Central
Bank’s price manipulation can result in losses for merchants. However, those
who comprehend the Composite Man’s strategy and liquidity can profitably
remain in the game. (Within the realm of cryptocurrencies, the Composite
Man is frequently referred to as a "crypto whale.") In general, the Composite
Man purchases in consolidation before price movement, keeping in mind the
market. Wyckoff referred to this phase as the Accumulation Stage. It is the
accumulation of orders by major institutional merchants before the occur-
rence of any price movement. Therefore, traders must analyze prices during
these accumulation phases to identify optimal entry opportunities. The op-
timal time to exit would be after a price movement, as the Composite Man
aims to exit by aligning their orders with those of other merchants inclined
to purchase at elevated prices. Wyckoff posited that by comprehending the
Motivations and Conduct of the Composite Man, it would be possible to
foresee numerous lucrative trading opportunities in advance[151]. To ana-
lyze schematics utilizing Wyckoff’s Theory, a trader must possess knowledge
of three laws. These regulations offer a comprehensive outline of the cost,
aiding the merchant in locating it. In which direction is the pricing inclined
to move? "A direction that is most likely to occur." Which asset is the most
probable mover? "The asset which is most susceptible to a movement." At
what time is it optimal to exchange it? "During the most lucrative time to
trade."
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5.14.1 The Law of Demand and Supply

This determines the trajectory of prices; it is a fundamental tenet of Wyck-
off’s theory. Whenever demand exceeds supply, prices tend to increase be-
cause of the increased volume of purchases. Price decreases are a common
consequence of increased selling activity of a dealing asset when supply ex-
ceeds demand. The condition of "Equilibrium" arises when the interplay
between supply and demand maintains asset prices in a consolidated range
within a narrow distance. When either demand or supply changes, an im-
balance ensues, resulting in a price movement accompanied by significant
momentum. If you are interested in learning about supply and demand,
consult the article " Demand and Supply In the foreign exchange market:
Strategies to 10X Your Results.

5.14.2 The Law of Causes and Effect: Distribution and
Accumulation

It is generally acknowledged that changes cannot occur spontaneously but
require an established cause. This cause is typically established by transi-
tioning from uninformed to knowledgeable Smart Money. This commences
during sideways movement or as the market is in a ranging phase. This
phenomenon becomes apparent on charts during periods of narrow ranges or
minimal volatility. As the duration of this process prolongs, the anticipated
resultant transfer effect grows in magnitude. A period for consolidation is
followed by an expansion and explosive price movement characterized by
large ranges. Wyckoff designates these narrow intervals as the "Accumula-
tion Phase" (Cause), during which the price would experience an upward
movement (Effect) and establish a bullish trend, or the "Distribution Phase"
(Cause), during which the price would experience a downward movement
(Effect) and develop a bearish trend. To identify occasions for sideways
movement or trade range causes and project the most probable target areas
(Effect), Wyckoff himself employed point-and-figure charts. On contempo-
rary markets, however, traders favor employing instruments for target pro-
jection such as Fibonacci, Elliott Waves, Harmonic Patterns, or Demand and
Supply Zones.
20

5.14.3 The Law of Results and Effort

This law signals a potential change in trend that may occur shortly. The "Ef-
fort" or quantity of orders exchanged in support of a specific price movement

20https://citytradersimperium.com /wyckoff-theory-forex
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AND DISTRIBUTION: THE LAW
OF CAUSE AND EFFECT

Figure 5.33: The Law of Causes and Effect

is denoted by volume. The volume determines the "Result" of the price move-
ment. The interest of major institutions in each asset will manifest through
a volume fluctuation. Frequently, the divergence between volume and price
fluctuations serves as an early indicator of a trend reversal. However, bear in
mind that since stocks and futures are traded on centralized exchanges, vol-
ume divergence with pricing applies to these instruments. Every transaction
that takes place traverses a Central Exchange. The volume measurements
are, therefore, precise. This law is more difficult to ascertain in Forex than in
Wyckoff due to the decentralized nature of the trading activity; every trading
system represents the trade volume of a specific broker rather than the entire
industry. However, we have identified additional methods of divergence that
may be of assistance to you with this concept. Refer to our article on Forex
divergence for further details. The initial step is to utilize Wyckoft’s Laws of
Analyses to survey the financial markets to find the assets most likely to be
offered in profitable transactions. Try to comprehend the state of liquidity,
the game in which the Composite Man is engaged, and his probable next
course of action.

WYGKOFF'S THEORY: THE LAW OF EFFORT AND
RESULT UME AND PRICE DIVERGENCE EXA!

Figure 5.34: The Law of Results and Effort

21

5.14.4 Market Cycle Theory of Wyckoff

By applying his knowledge of demand and supply, Wyckoff defined markets
and demonstrated that they operate in a perpetual cycle consisting of only

2 https: / /citytradersimperium.com /wyckoff-theory-forex
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four phases at any given time. Traders and investors can surmise the market’s
probable trajectory by comprehending its current position in this cycle.

WYCKOFF'S THEORY MARKET CYCLE

Figure 5.35: Market Cycle Theory of Wyckoft

1. Phase of Accumulation
2. Markup
3. Phase of Distribution

4. Markdown

By conducting additional research in accumulation and distribution, the
buyer or seller would be well-positioned to enter into a harmonious transac-
tion with the composite man. Accumulation and Distribution Zones, which
are trading ranges, are regions in which supply and demand reach equilib-
rium. In anticipation of the subsequent markup or markdown, major insti-
tutional actors either accumulate or distribute their positions in buy or sell
areas, respectively.

5.14.5 The Wyckoff Schematics company

By conducting an in-depth analysis of these trade ranges, Wyckoff acquired
the knowledge and skills necessary to discern the underlying storyline of each
range and thus improve his ability to forecast future events. The Wyckoff
Schematics were initially categorized as Accumulation Schemas or Distri-
bution Schemas, and subsequently, each schema is subdivided into phases,
with distinct events occurring within each phase. Although the fundamen-
tal schematics provided do not encompass every conceivable variation that
a range of trades might exhibit, the underlying principles remain applicable.
Therefore, phases and occurrences must be described conceptually. 22

Zhttps:/ /citytradersimperium.com /wyckoff-theory-forex
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Figure 5.36: The Wyckoff Schematics company

In the Accumulation Phases

Phase A signifies the conclusion of a declining trend:Until now,
supply has exceeded demand, and prices are declining. A surge in trading
volume typically accompanies this phase. Supply depletion is indicated by
the implementation of Preliminary Support (PS). Then, a period of high
volatility and intensive selling activity due to panic selling constitutes a Sell-
ing Climax (SC). After selling pressure has been worn out, the Automated
Rally (AR) ensues in the form of a rebound, which signifies the closure of
short positions and a surge in institutional demand. The Secondary Test
(ST), which typically consists of a narrowing spread and lower volume,
is conducted to assess the downside. Initial trading range boundaries are
established by the Selling Climax (SC) lows and the Automated Rally
(AR) highs. By establishing boundaries in these regions, the trader can
concentrate more intently on the market’s behavior near those areas of
interest.

Phase B — Cause Development: As mentioned, the legal concept
of effect and cause has been examined in this context. We are laying the
groundwork for initiating a new rise during phase B. Traders representing
institutions or the composite man amass positions at a discount, expecting
the price to increase during the markup phase. During this phase, the
price remains in reorganization, but it may attempt to breach the trading
range and generate phony breakouts. Multiple secondary tests (ST) may
also be administered during phase B. The objective of the Composite
Man is to obtain the maximum amount of available liquidity. As phase B
progresses, the magnitude of the fluctuations diminishes and is accompanied
by a reduction in volume. When the entire supply of floating liquidity is
consumed, there is a high probability that a sufficient cause exists, and the
price is prepared to transition into Phase C.

In Phase C, spring arrives: During phase C, the property is subjected
to a supply assessment procedure. "Spring" refers to when the price accumu-
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lates any remaining liquidity listed below the Offering Climax (SC). Traders
are typically stopped out (via "Fake Breakout") by the spring before any
genuine upward movement. The spring-like structure in the Accumulation
Schematic is frequently favored over other diagrams due to its greater
clarity regarding the residual supply’s complete absorption and the run-on
liquidity’s conclusion. Nevertheless, in instances where the trend is robust,
the Accumulation Schematic remains applicable even in the absence of spring.

Phase D: Analysis Confirmation: The transition from Phase C
(Cause) to Phase E (Effect) occurs during this phase. A consistent rise
in demand, as evidenced by a rise in trade volume and volatility, ought to
ensue. Volatility, as well as trading volume increases, are clear indications
that institutions have indeed intervened. The price encounters one or more
elevated troughs at the Last Point of Support (LPS). Typically, the LPS oc-
curs before the actual outbreak. The LPS may occasionally undergo a brief
consolidation before a breakthrough. Subsequently, The Signs of Strength
(SOSs) manifest as voluminous momentum flames. The price will at least
ascend to the upper limit of the trading range throughout Phase D.
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Figure 5.37: Analysis Confirmation

E. Departure from the Trading Range: The last stage in the
Accumulation Schematic is denoted as Phase E. Demand is in complete
control, the price exits the trading range, and it is evident that the markup
has begun. Pullbacks are typically transient in nature.

5.14.6 Wycoff Distribution Schematic

Phase A of distribution signifies the conclusion of an uptrend. Contrary to
accumulation, phase A denotes the waning of the uptrend in a distribution
trading range. Additionally, there is an increase in transaction volume dur-
ing this phase. Up until this juncture, price increases have been driven by
demand. However, the Buying Climax (BC) and Preliminary Supply (PSY)
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indicate that supply is now entering the market. After purchasing pressure
has been depleted, the Automatic Rally (AR) manifests as a rebound, sig-
nifying the closure of buy positions and an increase in institutional supply.
The Secondary Test (ST), which typically consists of a narrowing spread and
lower volume, is conducted to assess the upside. The Buying Climax (SC)
high and the Automatic Rally (AR) low establish the trading range’s initial
boundaries. By drawing lines in these regions, the trader can concentrate
more intently on the market’s behavior near these areas of interest.
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Figure 5.38: Wycoff Distribution Schematic

5T
BC ;,.'\.I LIQUIDITY ZOME

23

Phase B — Cause Development:

As with the previous accumulation, the objective of Phase B is to construct
a cause; nevertheless, it is in anticipation of a new downtrend. We are
laying the groundwork for initiating a new downtrend during phase B. In
the Markdown Phase, institutional traders, the composite man, or traders
who have sold their long positions, disseminate their holdings at a premium
in anticipation of a price decline. The price remains consolidated during this
phase, but it may attempt to breach the trading range and generate phony
breakouts. Additionally, multiple secondary tests (ST) may be administered
during phase B. Phase B serves the identical objective to accumulation and
distribution, with the additional intention of maximizing the absorption of
the remaining demand. The objective of the Composite Man is to obtain
the maximum amount of available liquidity. As phase B progresses, the
magnitude of the fluctuations diminishes and is accompanied by a reduction
in volume. When the floating supply of liquidity completely absorbs the
floating demand, a sufficient cause has probably existed, and the price is
prepared to transition into Phase C.

Bhttps:/ /citytradersimperium.com /wyckoff-theory-forex
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Phase C: Evaluation:

During phase C, the asset is subjected to a demand assessment procedure.
"Upthrust" refers to the residual liquidity the price accumulates above the
Buying Climax (SC). Traders are typically halted by the upthrust (Fake
Breakout) before the occurrence of a genuine decline. As it is more evident
that the run-on liquidity has concluded and the remaining demand has been
completely absorbed, the upthrust in the distribution schema is frequently
favored. However, if the trend is feeble, the upthrust may not always occur;
however, the Distribution Schematic.

WYCKOFF DISTRIBUTION SCHEMATIC
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Figure 5.39: Phase C: Evaluation
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Phase D: Confirms Analysis indicates:

The transition from Phase C (Cause) to Phase E (Effect) occurs during
this phase. A consistent increase in supply, as indicated by a rise in
trading volume and volatility, ought to ensue. Volatility and trading volume
increases are clear indications that institutions have indeed intervened.
At the Last Point of Supply (LPSY), the price experiences one or more
successive peak points. Typically, the LPSY occurs before the actual
outbreak. The LPSY may occasionally undergo a brief consolidation before
a breakthrough. Subsequently, The Signs of Strength (SOW) manifest as
voluminous momentum flames. The price will, at minimum, descend to the
bottom of the trading range during Phase D.

E. Departure from the Trading Range:

The final phase of the Distribution Schematic is denoted as Phase E. The
price exits the trading range, the supply is completely under control, and

2https:/ /citytradersimperium.com /wyckoff-theory-forex
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the markdown has begun inexplicably. Pullbacks are typically transient in
nature.

5.14.7 Determining the Finest Trades

In addition to the Fundamental Laws of Analysis, Wyckoff devised a five-step
procedure for determining the most profitable transactions. By fulfilling the
subsequent five stages, this checklist enhances the likelihood and financial
gain of any position. Determine the current market environment and the
most likely future trend as the initial step. Is the market trending or consoli-
dating? Does your analysis of supply and demand align with this perspective?
What is the most probable trajectory that lies ahead? When the supply ex-
ceeds its demand, prices will decrease; conversely, prices will increase when
the supply falls short of the request. Comprehending supply and demand
enables traders to make informed decisions regarding whether to pursue long
or short positions or abstain from trading the asset entirely. Select the most
outstanding among related assets in the second step. Select assets that are
correlated to validate your analysis. For instance, if the EURUSD analysis
concludes with the indication that the price is in the Accumulation Phase.
Subsequently, it would be best to examine additional GBPUSD and DXY
pairs to validate your EURUSD analysis. EURUSD and GBPUSD typically
fluctuate in the contrary direction of DXY. EURUSD has probably entered a
genuine accumulation phase, given that GBPUSD is presently in the distri-
bution phase, and the DXY is also in the accumulation phase. As previously
explained, this indicates a discrepancy between the quantity sold and the
price. Select an entry whose cause is at least equivalent to your objective
in the fourth step. Historically, this stage necessitated a trader’s knowledge
of point-and-figure charts to discern targets. Nonetheless, target projections
are feasible with an awareness of the market narrative over a longer time and
regions of high liquidity. Determine whether a property is ready to be moved
in Step 5. In this phase of the Wyckoff Theory, a nine-step enumeration is
utilized to ascertain whether an asset’s price is poised for an upward or down-
ward movement. These tests determine whether the market has witnessed
an influx of sufficient supply or demand to justify establishing an unsus-
tainable short or long-term position. Additionally, it identifies whether the
money has been completely absorbed. The Nine Selling and Buying Tests
have been more detailed in adhering to principles that guide trade entry. The
tests determine when markup and markdown are imminent, and the trading
range is approaching its conclusion. The trader can determine the shortest
distance path with the aid of the nine evaluations. ?°

Zhttps:/ /citytradersimperium.com /wyckoff-theory-forex
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PROJECTING TARGETS USING WYCKOFF
DASTRIBUTION
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Figure 5.40: The Law of Causes and Effect

Events of Wyckoff Accumulation

1.

2.

The price target for the downside has been attained.

The Basic Support, Sell Climax, and Secondary Test are all present.

. Rising volumes characterize bullish price movement during rallies and

falling volumes during reactions.

. The downward substructure has been breached (the downtrend or sup-

ply line has penetrated).

. The existence of spring.

. The price is experiencing increasing lows and highs.

The asset is outperforming the market (during rallies, the price exhibits
greater volatility, whereas during retracements, it moves more slowly).

. The formation of the Accumulation Trading Range (Base).

Should the initial stop-loss be triggered, the projected upward potential
target would be at least three times the loss.

Distribution Events by Wyckoff

1.

2.

The price target to the upside has been accomplished.

The Basic Supply, Sell Climax, and Supplemental Test are all present.

. Bearish in nature, the price movement is characterized by volume in-

creases during declines and decreases during reactions.

. The upward structure has been breached (the uptrend or support line

penetrated).

. The upthrust is in the vicinity.
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6. The price is experiencing decreasing highs and lows.

7. The asset is less robust than the market, as evidenced by its price
fluctuating more rapidly during declines and more slowly during re-
tracements.

Assemblage of the Distribution Trade Range (Base)

Should the initial stop-loss be triggered, the projected downside target would
be at least three times the magnitude of the loss.

Redistribution and Re accumulating

Re accumulating as Distributing and Redistribution as Accumulating are
frequently misconstrued as accumulation and redistribution; accumulating
functions similarly to distribution. An essential distinction is that accumu-
lation halts a downward trend. Re accumulating occurs when a sustained
upward movement continues, enabling the major participants to establish
additional positions. Conversely, it applies to redistribution. Contrary to
the conclusion of an ascending trend observed in Distribution, Redistribution
persists as an extended downward trend. Although these market fluctuations
resemble accumulation and distribution. They frequently need clarification
with accumulation or distribution by traders. Gaining comprehension of the
phases and the current price position of the market facilitates the trader’s
ability to discern between trend-ending and trend-continuation. Wyckoft Di-
agrams. As an illustration, following an ascending trend, a re accumulating
commences, accompanied by a Selling Climax (SC) and Automated Reaction
(AR), which momentarily halts the upward trajectory. Traders erroneously
equate re accumulating with accumulation at this juncture.

5.15 Elliott Wave

In the 1930s, Ralph Nelson Elliott formulated the Elliott Wave Theory. He
believed that stock markets, commonly perceived to exhibit a degree of dis-
order and capriciousness, followed repetitive trading patterns. Elliott identi-
fied fractal patterns in the movement of stock prices that he termed waves.
Decades have passed since Elliott first proposed his theory. Elliott postulated
that the prevailing psychology of investors dictates financial price trends. It
was discovered that fluctuations in financial markets invariably manifested
as recurring fractal patterns, or "waves," in mass psychology. Elliott’s and
Dow’s theories are similar in that they both posit that stock prices exhibit
cyclical patterns. However, by also acknowledging the "fractal" character of
markets, Elliott could dissect and scrutinize them with considerably more
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precision. Fractals are mathematical shapes that replicate themselves in-
finitely on an ever-smaller scale. Elliott saw that stock index pricing trends
exhibited a consistent structure. Following this, he investigated the poten-
tial of these recurring patterns to serve as accurate indicators of forthcoming
market movements|152]. Ralph Nelson Elliot identified the phenomenon he
termed the "wave principle." It has been observed that social or mass be-
havior exhibits discernible patterns of trending and reversing. By employing
stock market data as one of his research instruments, Elliott was able to
discern thirteen recurring patterns or "waves" within the market for stocks
data 26 He designated, elucidated, and depicted those patterns. The notion

[
Motive 5 Corrective
(Numbered) (Lettered)

Figure 5.41: Elliott Wave

that patterns exist in market movements was extensively debated. However,
recent scientific advancements have substantiated that pattern formation is
an intrinsic component of intricate systems, such as financial markets. He
discovered that different phases of growth or decline generate fractal-like
patterns, which persist regardless of whether the time scope is zoomed in or
out. There are two distinct categories of waves: corrective waves and impulse
waves. Both have subsets, with the impulsive waves typically consisting of
five waves preceding the three corrective waves. Ralph Nelson Elliot identi-
fied the phenomenon he termed the "wave principle." It has been observed
that social or mass behavior exhibits discernible patterns of trending and re-
versing. By employing stock market data as one of his research instruments,
Elliott was able to discern thirteen recurring patterns or "waves" within the
market for stock data. He designated, elucidated, and depicted those pat-
terns. The notion that patterns exist in market movements was extensively
debated. However, recent scientific advancements have substantiated that

20https:/ /www.investopedia.com /terms/e/elliottwavetheory.asp
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pattern formation is an intrinsic component of intricate systems, such as fi-
nancial markets. He discovered that different phases of growth or decline
generate fractal-like patterns, which persist regardless of whether the time
scope is zoomed in or out. There are two distinct categories of waves: correc-
tive waves and impulse waves. Both have subsets, with the impulsive waves
typically consisting of five waves preceding the three corrective waves. It can
promote sales and result in reduced prices. In specific situations, sentiment
exerts a greater impact on market behavior than economic principles and
political developments. The pricing process and the market are intricate and
challenging to grasp.



Chapter

Machine Learning in Financial
Market

6.1 Introduction

According to Chapter 3, we achieve the knowledge and features using the
feature importance concept, creating a new dataset. The next step is to pass
this dataset of extra knowledge of features with machine learning and auto-
mated machine learning pipelines. In this chapter, we discuss all the concepts
based on machine learning, automated machine learning, features, how the
model selection is done, and model analysis with predictions. We will dis-
cuss basic concepts of machine learning and automated machine learning to
gain knowledge about model evaluation and model predictions. A dynamic
subfield of computational algorithms, machine learning, attempts to simu-
late human intelligence by acquiring environmental knowledge|7]. It allows
machines to make decisions and recognize patterns without explicit program-
ming. It incorporates many methodologies, such as reinforcement learning,
unsupervised learning, and supervised learning. Supervised or controlled|[153]
learning models are trained on labelled datasets to predict outcomes. Un-
supervised or uncontrolled learning entails identifying patterns in unlabeled
data, whereas reinforcement learning entails the acquisition of knowledge by
agents through feedback and interaction with their environment. In numer-
ous domains, ML has become indispensable, thereby transforming industries.
It facilitates disease diagnosis and individualized treatment programs in the
healthcare industry. ML is advantageous for credit assessment, algorithmic
trading, and fraud detection in the financial sector. For demand forecast-
ing and recommendation systems, e-commerce is dependent on ML.[154] ML
is utilized by autonomous vehicles for navigation and decision-making. ML
is employed in Natural Language Processing (NLP) to perform language
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translation and sentiment analysis, among other duties. The perpetual de-
velopment of machine learning is propelling advancements and exerting an
impact on diverse facets of technology and the processes by which decisions
are made. The implementation of algorithms in financial marketplaces has
increased|155]. By employing intricate mathematical models and statisti-
cal analysis, these algorithms discern patterns and trends within enormous
quantities of financial data. These tools have many applications, such as
trade execution, risk management, and market analysis. One method that
algorithms are implemented in the financial markets is to assist in trading de-
cisions. Traders can employ algorithms to formulate trading strategies that
implement trades automatically in response to market conditions, including
price fluctuations or specific events. The implementation of algorithms in
financial marketplaces has increased. By employing intricate mathematical
models and statistical analysis, these algorithms discern patterns and trends
within enormous quantities of financial data. Trade execution, in addition
to risk management and market analysis. One method that algorithms are
implemented in the financial markets is to assist in trading decisions. An al-
gorithm may initiate a purchase order, for instance, when a particular price
is reached on a stock or when a particular news event transpires[156]. Al-
gorithmic trading is a computer-based approach to trading in which trading
decisions are generated using mathematical models and algorithms. Adopt-
ing this methodology eradicates emotional bias, and decisions are exclusively
grounded in data and subsequent[157| analysis. Utilizing algorithms enables
the exclusion of emotion from the decision-making process; however, this
approach incurs a significant expense in algorithmic trading.

6.2 Automatic Machine Learning

Automatic Machine Learning (AutoML, also known) signifies a paradigm
shift within machine learning, intending to optimize and mechanize[158| the
conventionally intricate and labor-intensive procedure of constructing effi-
cacious models. AutoML platforms automate critical components of the
machine learning pipeline, such as feature or attribute engineering, data pre-
processing, algorithm selection, model evaluation,[159] and hyperparameter
tuning, by utilizing sophisticated algorithms and optimization techniques.
The principal objective is to streamline the machine learning process so that
individuals of diverse skill levels, from novices to seasoned data scientists, can
utilize it by minimizing manual intervention requirements. Automatic Ma-
chine Learning (AutoML) tools frequently feature intuitive interfaces that
facilitate rapid deployment and greatly speed up model instantiation.[160|
This enables organizations to leverage the capabilities of machine learning
for predictive analytics without the need for extensive expertise. It is critical
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to acknowledge that although AutoML does provide efficiency improvements,
human expertise is still necessary for tasks such as data comprehension, prob-
lem definition, and result interpretation. With the continuous progression of
technology, AutoML remains a crucial component in democratizing machine
learning, thereby expanding the applicability to a broader range of indus-
tries. Tpot, H20, and Auto-sklearn are famous and mostly use automatic
machine-learning models.

6.3 Implementation of Machine Learning on
Finance data

By delivering insights, automating procedures, and improving decision-
making, the application of machine learning (ML) to financial data has funda-
mentally transformed the operations of financial institutions. ML techniques
are utilized in diverse domains of the finance industry to analyze data, opti-
mize operations, and mitigate risks. Among the most prominent applications
are Algorithmic trading, Risk Analysis, and other aspects of financial mar-
kets. As in Chapter 2, we have a financial dataset of BTC cryptocurrency,
so all the analysis is based on financial market data. Implementing machine
learning models’ data and data sets is very important. For this purpose, we
selected the Binance Exchange-Based BTC data. To use the machine learn-
ing model, we use the financial data set of BTC for the last 7 years. This
data depends on different time intervals, e.g. 1-minute data sets, 3-minute
data sets, 5-minute datasets, and 15-minute data sets to train such complex
models. On a chart, a time-frame is a specified duration denoted by a solitary
candlestick or bar. Every candlestick or bar represents the cryptocurrency’s
opening, closing, highest, and lowest prices[161] during the specified period.
For instance, on a one-hour time-frame, the price action of the hour is rep-
resented by each candlestick. In this way, we get the mentioned time-frame
datasets. The duration of long-term time-frames varies from days to weeks to
months. These instruments are well-suited for investors with a longer-term
position holding the horizon and are more concerned with the underlying
fundamental factors that influence the cryptocurrency market. Long-term
time-frames comprehensively depict the primary trends and patterns that
characterize cryptocurrency. Noise and fluctuations brought about by short-
term events and emotions are also diminished. For example, each candlestick
symbolizes a single trading day. Among swing traders seeking medium-term
signals and trends, this time-frame is prevalent. Timespans ranging from
minutes to hours are considered short-term. They are well-suited for fre-
quent traders with a greater interest in the technical variables influencing
the cryptocurrency market.
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Brief periods offer more trading opportunities and signals due to their
ability to capture cryptocurrency’s swift price fluctuations and transforma-
tions. Additionally, they enable the trader to swiftly modify their positions
and capitalize on minor price fluctuations. The short time trading time-
frame is highly volatile and difficult to handle. Many models predict best
in long-term time-frames but fail in short-term prediction due to high risk
and high volatility. As we use time frames, e.g. 1,3,5, and 15 minutes,
which are short-term time-frame datasets and highly volatile, it’s very risky
and hard to predict the price of these time-frame levels. After getting the
datasets, we know that When training machine learning models using Bit-
coin (BTC) data, the initial data preparation steps are considerably simpli-
fied due to the absence of repetitive values and null or void values in the
finance dataset. This distinctive attribute reduces the necessity for laborious
data cleansing procedures frequently demanded in alternative fields. The
purity of the dataset facilitates a smoother progression to critical stages of
model development, including training, feature engineering, and time-series
analysis. By utilizing a pristine dataset, one can concentrate on capital-
izing on the intrinsic patterns and trends in the Bitcoin data, refining the
feature selection process, and honing machine learning models to generate
precise predictions and perceptive analyses. The efficient data preparation
procedure establishes a strong groundwork for constructing resilient models
capable of accurately representing the intricacies of the cryptocurrency mar-
ket. When the dataset is cleaned, the next step is choosing the features for
prediction of what we want to predict using machine learning models. The
feature engineering strategy utilized to forecast the closing value of Bitcoin
(BTC) over the past seven years is predicated on open, high, low, and close
(OHLC) data. Incorporating temporal attributes such as the day of the week
and month mitigates the influence of possible cyclic patterns. By utilizing
lagged features of the closing price, one can discern recent market behavior
by capturing past trends. Indicators of volatility, which are calculated using
high and low prices as benchmarks, aid in comprehending the attributes of
price fluctuations. This optimized methodology concentrates exclusively on
the inherent patterns present in the primary OHLC data by avoiding the uti-
lization of supplementary technical indicators. The objective is to develop a
set of features that is both streamlined and efficient, thereby improving the
model’s capacity to forecast BTC closing values by leveraging past market
dynamics. One thing to remember is that, as we know, each time-frame
has unique datasets, so all these data cleansing, data wrangling and feature
engineering steps must be done for these datasets. After we know that, we
want to predict the price of BTC using historical datasets. But we first use
standard scalar to scale the features, then use these scale features to evaluate
machine learning and automatic machine learning models. The following ex-
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plained models were used in our research. It’s important to know the basics
of each machine learning model to evaluate machine learning. That is why,
first in this chapter, we discuss machine learning and terminologies used in
this research. Then, how the model is selected and evaluated in this chapter
will also be discussed after explaining the terminologies and machine learning
models.

6.3.1 Machine learning Models

KNeighbors Regressor

The KNN algorithm applies to problems involving both classification and re-
gression. 'Feature similarity’ is utilized by the KNN algorithm to forecast the
values of newly added data points. This implies that the value ascribed to the
new point is determined by its similarity to the points in the [162]training set.
Initially, the distance is computed between the newly introduced point and
every training point. K data points in proximity are chosen (via distance).
The final estimation for the new point(s) is calculated as the mean of these
data points. ' The initial phase is calculated by calculating the distance

Classe B

______

Figure 6.1: KNeighbors Regressor

between the new point and each training point. Multiple approaches exist to
compute this distance, with the Euclidian, Manhattan (for continuous), and
Hamming distance methods being the most widely recognized.

Thttps://miro.medium.com/v2/resize:fit:1100 /format:webp
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Euclidian Distance Calculation

The square root of the squared differences between a newly introduced point
(x) and an already established point (y) yields the Euclidean.

n

Euclidean Distance = Z(mz —y;)? (6.1)
i=1
Manhattan Distance
It refers to the sum of the absolute variations/differences of two real vectors

to determine their distance.

Manhattan Distance = Z |z; — vl (6.2)

i=1

Hamming Distance

The Hamming Distance is a measure applied to categorical variables. The
distance D equals zero when the values (x) and (y) are identical. D=1 oth-
erwise

Hamming Distance = Z |z — i (6.3)
i—1

Ifx =y, then D=0 (6.4)

If x #y, then D =1 (6.5)

The Hamming Distance is a measure applied to categorical variables.
The distance D equals zero when the values (x) and (y) are identical. D=1
otherwise, based on these distances, the algorithm subsequently determines
the k-nearest neighbors to be considered, where "k" represents the number of
neighbors specified by the user. In the context of classification, KNN utilizes
majority voting among the k-neighbors to ascertain the class of the input
data point. Conversely, regression tasks require the output values of the k-
neighbors to be averaged (or weighted averaged). The resulting computation
is subsequently designated as the forecast for the given input data point.
Prominent attributes of KNN; including its versatility in handling a wide
range of data types, its responsiveness to the parameter "k," its embrace of
passive learning principles, and its deliberations on scalability, all contribute
to its efficacy in numerous fields and emphasize its importance within the
machine learning domain.
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6.3.2 Linear Regression

Linear regression is an extensively employed and foundational algorithm in
supervised machine learning. It operates under the assumption of a linear
association amidst one or more than one independent variable (predictors or
features) and a dependent variable (also referred to as the objective). The
principal aim of linear regression is finding the best-fitting linear equation
that describes a relationship between the variables. Simple linear regression
involves a single predictor, and the corresponding linear equation is denoted
as

y=mx+c (6.6)

y = X + b, in which y represents dependent variable, m signifies line’s slope,
x denotes independent variable b signifies y-intercept.

Figure 6.2: Linear Regression

2y = x + b, in which y represents the dependent variable, m signifies
the line’s slope, x denotes the independent variable, and b signifies the y-
intercept. Understanding the relationship between variables and predicting
numerical values (regression) are two applications in which linear regression is
especially useful. The analysis is computationally efficient and interpretable
and yields valuable insights regarding the magnitude and orientation of the
relationships in the data. Conversely, if the underlying data displays non-
linear patterns, linear regression’s performance may be constrained due to

2https://cdn.vectorstock.com /i/1000x1000/02/39 /linear-regression-vector-
38490239.webp
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its assumption of a linear relationship. One may consider|[163] employing ad-
vanced or polynomial regression techniques in such situations. Notwithstand-
ing its apparent simplicity, linear regression continues to be a fundamental
instrument in statistics and machine learning, serving as a precursor to more
intricate modelling methodologies, data analysis, and predictive modelling.

6.3.3 Decision Tree Regressor

A prevalent algorithm in machine learning, decision trees apply to regression
tasks and classification. Their simplicity in implementation|164], interpre-
tation, and comprehension renders them an optimal selection for novices
embarking on the journey of machine learning. A decision tree handles clas-
sification and regression assignments, the non-parametric supervised learning
algorithm. The system’s structure is a hierarchical tree comprising leaf nodes,
internal nodes, branches, and a root node. To facilitate classification and re-
gression, decision trees are implemented as models that are simple to compre-
hend. In decision support, a decision tree is a hierarchical model representing
decisions and their potential outcomes, considering random occurrences, re-
source costs, and utility. This algorithmic model[165] is non-parametric and
supervised learning; it employs conditional control statements and applies
to classification and regression tasks. Root nodes, branches, leaf nodes and
internal nodes compose a tree structure resembling a hierarchical tree. It is
a device that possesses a wide range of practical implementations. In addi-
tion to classification, decision trees may also be applied to regression issues.
Its nomenclature indicates that it exploits a tree-shaped flowchart structure
to represent predictions generated by an order of feature-founded divisions
visually. It commences with some root node and infers with some leaf-based
decision. 3

Terminologies used in Decision Tree

Root Nodes: The root node is the primary node in the decision tree, from
which the complete population or dataset is divided by various conditions or
features.

Decision Nodes: Decision nodes are nodes that are produced when root
nodes are split. The intermediate conditions or decisions are represented by
these nodes within the tree.

Leaf nodes: Nodes that cannot be further divided and frequently represent
the ultimate classification or result. Terminal nodes are an alternative name
for the leaf nodes.

Sub-Tree: A subordinate part of the decision tree is denoted as a sub-tree,

3https://miro.medium.com/v2/resize:fit:1100/format:webp /0*IY07ft CHvVuuw35 png
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Figure 6.3: Decision Tree Regressor

analogous to how a graph subdivision is designated as a subgraph. It signifies
a distinct segment of the decision tree.

Pruning: Pruning is a procedure by which particular nodes in a decision
tree are eliminated or reduced in number to make the model more straight-
forward and prevent overfitting.

Branch or Sub-Tree: A subtree or branch denotes a subsection of the
complete decision tree. It denotes a distinct trajectory of choices and results
within the arboreal structure. Parent and Child Node: A parent node is
a node in a decision tree subdivided into child nodes; the sub-nodes emanat-
ing from it are called child nodes. The parent node symbolizes a condition
or decision, whereas the offspring nodes represent possible outcomes or sub-
sequent decisions that may occur by that condition.

Inverting decision trees entails positioning the root at the top and dividing
it into numerous nodes. For the uninitiated, decision trees consist of a col-
lection of if-then statements. If the condition is satisfied, it advances to the
subsequent node associated with that determination.

How it works

Commencing from the root: The algorithm commences at the apex,
referred to as the "root node," symbolizes the complete dataset.
Employing Optimal Questioning: It secks the feature or query that
divides the data into the most distinct and significant clusters. Comparable
to posing an inquiry at a crossroads in a tree.

Branching Out: It generates new branches by dividing the data into
smaller subsets in response to the answer to that query. Each limb in the
tree symbolizes a potential pathway. Iterating through the Procedure:
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The algorithm proceeds to pose inquiries and partition the data at each
branch until it arrives at the ultimate "leaf nodes," symbolizing the antici-
pated results or categorizations.

Certain assumptions inform the construction of decision trees and influence
their performance. Frequently, binary divisions are performed by decision
trees, which divide data into two subsets according to a single feature or
condition. A recursive partitioning process is employed, whereby child nodes
are generated until a halting criterion is satisfied. While it is a common
assumption, feature independence may only sometimes be the case in prac-
tice. The objective is to generate homogeneous subgroups within each node,
ensuring that samples within a node are maximally similar concerning the
target variable. Using a greedy, top-down methodology, decision trees choose
divisions to maximize information gain or minimize impurity. The model
accommodates numeric and categorical attributes, operating under the as-
sumptions of feature equality, absence of missing values, sensitivity to out-
liers, and sample size. Entropy, which quantifies disorder or uncertainty, is
frequently employed when constructing decision trees to assess divides and
improve model performance.

E(S) = —p) log(p)) — pi- log(p-)) (6.7)
e pt denotes the probability of a positive class.
e p denotes the probability of a negative class.
e S represents the training example’s subset.

Information Gain = E(Y) — E(|Y] | X) (6.8)

6.3.4 Random Forest Regressor

Leo Bierman and Adele Cutler devised the widely used algorithm of machine
learning Random Forest, which combines multiple decision tree outputs to
produce a single result. It has been widely adopted due to its adaptability
and user-friendliness, as it can be utilized to solve classification and regres-
sion issues. A Random Forest is comparable to a group decision-making
team in machine learning. It improves prediction quality by combining the
viewpoints of numerous "trees" (individual models), resulting in a more ac-
curate and robust overall model. The Random Forest Algorithm has gained
significant traction due to its adaptable and user-friendly design, allowing it
to address classification and regression challenges efficiently. The algorithm
demonstrates its prowess in managing intricate datasets and preventing over-
fitting, which renders it a valuable instrument for many predictive endeavors
in machine learning.[166|
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Figure 6.4: Random Forest Regressor

4 One of the most crucial aspects of the Random Forest Algorithm is
its competence to process datasets encompassing both continuous and cat-
egorical variables (just like in regression and classification correspondingly).
It executes classification and regression tasks more efficiently. This tuto-
rial aims to understand the random forest algorithm and demonstrate its
application to a classification task.

Operation of the Random Forest Method

An examination of the ensemble learning technique is necessary before com-
prehending the random forest algorithm’s operation in machine learning. To
form an ensemble, one must merge multiple models. Predictions are gener-
ated by employing a compilation of models instead of a single model.
Begging: It engenders a discrete training detachment using replacement
with the sample training data, plus the mainstream vote also determines the
final output. As an illustration, Random Forest.
As the ensemble technique, Bagging, alternatively referred to as Bootstrap
Accretion, is incorporated into the Random Forest algorithm. The following
are the phases of Bagging:

e Subset Selection: The bagging process commences with selecting a
subset, or random sample, from the complete dataset.

e Bootstrap Sampling: FEach model is constructed using the Boot-
strap Samples, instances of the original data substituted. The term for
this method is row sampling.

4https://encrypted-tbn0.gstatic.com /images
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e Bootstrapping: The process of row sampling with replacement is
commonly known as bootstrapping.

e Training of Independent Models: Every model undergoes training
in isolation using its respective Bootstrap Sample. The outcomes of this
training procedure are produced for every model.

e Majority Voting: The ultimate output is ascertained by major-
ity voting the combined results of all models. The outcome that is
predicted most frequently across all models is chosen.

e Aggregation: Aggregation is the process of generating the ultimate
output through majority voting and combining all the results.

Boosting: It improves weak learners into strong learners through the
sequential construction of models with the utmost accuracy in the final it-
eration, such as the ADA BOOST and the XG BOOST. Boosting is among
the methodologies that implement the ensemble learning concept. The final
output of a boosting algorithm is generated by joining numerous elemen-
tary models (also denoted as weak learners/base estimators). It is achieved
by constructing a model from feeble models connected in series.[167] Al-
though numerous boosting algorithms exist, AdaBoost is the initial genuinely
successful algorithm designed specifically for binary classification. Adaptive
Boosting, abbreviated as AdaBoost, is a widely used boosting method that
merges several "weak classifiers" into a solitary "strong classifier." The Ran-
dom Forest algorithm proceeds in a sequential fashion, comprising discrete
phases. At the outset, a laboriously chosen subset of characteristics and data
points is utilized to construct each decision tree in the model. This process
involves retrieving n random records and m features from larger datasets
containing k records. Following this, distinct decision trees are constructed
for each sample in the second phase. Each of these trees generates a unique
output as it develops. In the fourth and final stage, the final prediction is
ascertained using a prudent methodology: in the case of cataloguing, main-
stream voting is applied; for regression, averaging is employed. Through its
ensemble structure, the Random Forest can generate accurate and reliable
predictions by amalgamating the merits of numerous decision trees. Fea-
tures of Random Forest:

e Diversity:  When constructing a single tree, not every attribute,
variable, or feature is considered; thus, the individual tree is exclusive.

e Contrary to the curse of dimensionality: The feature space is
diminished as every single tree does not account for every feature.
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e Parallelization:  Parallelization entails the creation of individual
trees using distinct data and attributes. This allows the CPU to be
utilized to its maximum capacity when constructing random forests.

e Train-Test Split: In the context of a random forest, the need to
partition the data into distinct train and test sets is obviated, as the
decision tree invariably excludes 30

e Stability:  Stability is achieved when the outcome is determined
through majority voting or averaging.
g(x) = folz) + fi(z) + folz) + - - (6.9)

6.3.5 Logistic Regression

Statistically, logistic regression is a prevalent and effective technique utilized
in binary classification tasks that require estimating the likelihood that a
given observation belongs to a specific class. In contrast to its nomenclature,
its primary function is data classification into two[168| distinct categories
rather than regression analysis. The logistic regression model utilises input
features to forecast an event’s probability. Fundamental to this model is
the logistic function, which is alternatively called the sigmoid function. It
converts the linear combination of input features and coefficients into a binary
range from 0 to 1. The formula for logistic regression is defined as follows:

1

P(Y =1) = 1 4+ e~ (bo+b1X1+b2 Xo++++bn Xn) (6.10)
Here by, by, bo, . .., b, are the coefficients that are linked to the characteristics
Xo,T1,Ta,...,T,. By introducing non-linearity via the logistic function, the

model [169]can capture intricate relationships between the outcome variable
and the features.

® The process of training the logistic regression model entails the utiliza-
tion of maximum likelihood estimation to modify the coefficients. The aim is
to optimize the probability of encountering the specified results by utilizing
the selected parameters. Typically, iterative optimization algorithms such as
gradient descent are employed. 0.5 is designated as the decision boundary
for logistic regression. The model assigns the observation to class 1 if the
predicted probability exceeds this threshold; otherwise, it designates it for
class 0. Due to this binary categorization, logistic regression is especially
applicable when the outcome variable consists of two distinct groups.[170]
Extensions of logistic regression exist to address multi-class classification

Shttps://www.shutterstock.com/image-vector /vector-image-logistic-regression-binary-
260nw-2194696121.jpg
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Figure 6.5: Logistic Regression

problems, including one-versus-one and one-versus-rest approaches. Due to
its straightforwardness, interpretability, and effectiveness, logistic regression
is widely utilized in numerous fields, e.g. finance, marketing, healthcare, and
the social sciences. Nevertheless, it is critical to mention that logistic regres-
sion operates under the assumption of a model called linear[171] association
model between the features and the log odds of outcome. Consequently, it
might be less optimal when confronted with intricate data patterns.

6.3.6 Bayesian Ridge

Bayesian Ridge Regression is an approach to linear regression that integrates
Bayesian principles into a probabilistic framework. In contrast to classical lin-
ear regression, Bayesian Ridge Regression incorporates regularization into the
model, enabling the inclusion of prior beliefs concerning the coefficient|172]
distribution. By incorporating a degree of zero-regression shrinkage for the
estimated coefficients, this Bayesian method enables the management of mul-
ticollinearity and prevents overfitting.

The Bayesian Ridge Regression formula is mathematically represented as
follows:

. 1
wnn = arguin, {5y~ sul} + alul + Bl (611

where wpg, y denotes the target variable and represents the weight vector
estimated by Bayesian Ridge Regression. The design matrix of input features
is denoted by X, the vector of coefficients is denoted by w, and the notation
|.|| represents the Euclidean norm. The degree of regularization that is ap-
plied to the coefficients is determined by the regularization terms «, v, and
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S.

Bayesian Ridge Regression[173| is distinguished by its utilization of a
prior distribution on the coefficients. The prior distribution is a Gaussian
distribution with a precision of A and a mean of zero. This prior distribu-
tion penalizes large coefficients and encourages a more reliable estimation
by serving as a regularization term. The parameters are as follows: ¢ The

a_init= 190, A_init = 1.0 (Default) a_init = 1.00, A_init = 0.001

—_— i ] — gin{2mx)
pEedICT raEan 1.0 4 predict meean
observation obaervation

predict o

predict sbd

0% 0% 4

0.0

o q

0.5 054

Figure 6.6: Bayesian Ridge

parameters v and § within the equation govern the compromise between fit-
ting the data and maintaining fidelity to the prior distribution. Typically,
an iterative algorithm, such as Expectation-Maximization (EM) or Varia-
tional Inference, is employed to estimate the posterior distribution of the
weights and solve the optimization problem. In addition to generating point
estimates for the coefficients, Bayesian Ridge Regression also produces un-
certainty estimates, rendering it well-suited for scenarios where uncertainty
in the model parameters is paramount. When dealing with datasets con-
taining high-dimensional feature spaces or when the assumptions of indepen-
dence and constant variance of errors that govern classical linear regression
are violated, this Bayesian approach to linear regression is especially use-
ful. Bayesian Ridge Regression offers a versatile and principled structure for
addressing various intricacies that may arise in regression inquiries.

6.3.7 LGBM Regressor

Gradient Boosting Decision Trees (GBDTs) are widely used machine learn-
ing algorithms implemented effectively in various systems, including XG-
Boost. Numerous optimization techniques have been derived from GBDTs.
The model’s efficacy and scalability are marginally compromised as several
characteristics in the dataset increase. FEach feature must tediously and

Shttps://miro.medium.com/v2 /resize:fit:1400/1* Apxrp Y ULBMkGW9Sbd-e9gg.png
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time-consumingly scan every instance of the data to estimate the number
of possible division points, which is the primary cause of this behavior. The
Light Gradient Boosting Model (LGBM) is implemented to address this issue.
EFB, Exclusive Feature Bundling, and gradient-based side sampling, abbre-
viated as GOSS, are two techniques.[174] Using the remaining data, GOSS
will eliminate a substantial proportion of the data set containing minor gradi-
ents and approximation of the overall information expansion. Data instances
exhibiting substantial gradients hold more significance regarding information
gain computation. GOSS can produce precise outcomes with substantial in-
formation gain using a significantly reduced dataset compared to alternative
models. When utilizing the EFB to reduce the number of features, it infre-
quently accepts any non-zero value simultaneously while including mutually
exclusive features. This influences the outcome regarding feature elimination
effectiveness while maintaining the separation point’s accuracy.[175]
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Figure 6.7: LGBM Regressor

(e

" By integrating the two modifications, the training time of any algorithm
can be increased by a factor of twenty. Consequently, LGBM can be concep-
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tualized as gradient-enhancing trees when EFB and GOSS are combined.
The primary characteristics of the LGBM model are:

e Increased precision and accelerated training velocity.

e Low memory utilization.

Superior accuracy compared to alternative boosting algorithms and
effective management of overfitting when applied to smaller datasets.

Parallel learning assistance.

Compatibility with both large and small datasets.

It has become the algorithm of choice for machine learning oppositions involv-
ing regression and classification problems involving tabular data due to the
benefits and characteristics of LGBM. Light GBM is an open-source gradient-
boosting framework designed for machine learning that is both potent and
efficient. It is optimized for managing sizable datasets and exhibits com-
mendable performance regarding memory utilization and speed. LightGBM
creates a robust predictive model by combining several weak novices (char-
acteristically decision trees) using the gradient boosting technique.

Explanation of the Mathematical Foundations of Light GBM

A technique called verdict trees is employed to compress a function, for in-
stance, from input space X to gradient space G. Assume a training set con-
taining instances such as x1, x2, and xn, in which each element is a vector
in space X with s dimensions. All the negative gradients of the loss func-
tion regarding output models are embodied in each restatement of gradient
boosting as g1, g2, and gn. The decision tree divides each node according to
the most illuminating characteristic, generating the greatest evidence gain.
The variance after segregation can be used to indicate data development in
this model type. The representation of it is as follows in a formula:

Y = Tree; (X) — Ir x Treeg(X) — Ir x Treeg(X) (6.12)

In clarification, Let suppose O represents a training dataset utilized on the
fixed node of the decision tree. Moreover, the variance gain for a node is
calculated by dividing measure j at a point d.
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GOSS, or Gradient One-Sided Sampling, employs haphazard sampling on in-
stances with minor gradients while utilizing each occurrence with larger gra-
dients. The designation "O" represents the training dataset for each specific
node in the decision tree. The following expression represents the variance
gain of j or dividing the measure at a point d for node

v;.m(d):nio (Z (gi-l—(l;a)gi))Q ~/(n{o>+<2 (gﬁ(l;a)gi))Q/(nio)

T, €A T, €Ay
(6.14)

6.3.8 AdaBoost Regressor

AdaBoost, which stands for Adaptive Boosting, is an ensemble learning tech-
nique that constructs a robust and precise predictive model by combining
the forecasts of numerous feeble learners[176]. AdaBoost operates on the
principle of assigning greater significance to observations that weak learners
incorrectly classify. This enables subsequent weak learners to concentrate
on the errors committed by their predecessors. The AdaBoost algorithm is
an abbreviation for the Adaptive Boosting. It is a Boosting method imple-
mented in machine learning as a collaborative method. It is called " Adaptive
Boosting" because weights are reassigned for each instance, with incorrectly
classified instances receiving greater weights.

1

—,1=1,2,3,...,n 6.15

N (6.15)
This algorithm constructs a model for assigning each data point an equal
weight. It subsequently allocates greater weights to incorrectly classified
points. Subsequently, in the subsequent model, greater emphasis is placed
on all elements with higher weights. It will continue to train models until an

w(rg,y) =

error rate decreases.
8 In iterations (t = 1 to T, where T represents the total number of feeble
learners), as follows

1. Develop a Weak Learner: Train a weak learner (typically a decision
tree) using the present instance weights on the training data. The
performance of the weak learner ought to be marginally superior to
that of random guesswork.

2. Determine Weighted Error: Determine the weighted error (g;) of the
trainee set’s feeble learner.

Z?:l wil (y; # h(X5))
i1 Wi

Et =

8https://www.researchgate.net
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Figure 6.8: AdaBoost Regressor

where I is the Indicator Function, y; is the true label, and h;(x;) is the
prediction related to weak learner indicating the instance 7.

. Learner Weight: Determine the weight (ay) with respect to the feeble
learner’s performance.
1 1 1-— Et
ap = —In
t 2 Et

The quantity «; is proportional to the feeble learner’s performance,
with greater weights assigned to learners who demonstrate greater ac-
curacy.

. Revision of Instance Weights: Adjust weights of the training instances
to assign greater significance to misclassified instances. This causes the
weights of correctly classified instances to diminish and the weights of
misclassified instances to increase.

w; = w; - exp(—ay - y; - hy(z;))

. Consensus Prediction: Final prediction of the model is a weighted sum
of the predictions made by the feeble learners.

F(z) = Zat - hy(x)
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Where F(x) is the predicted target value

The final AdaBoost model is constructed by combining the weak learners
into a strong model, with the accuracy of each learner influencing its contri-
bution. The algorithm prioritizes instances that[177] present difficulties in
classification in an iterative manner, thereby gradually enhancing the model’s
performance. Weighted voting guarantees that poor learners with higher ac-
curacy exert a more substantial impact on the ultimate prediction.

6.3.9 XGB Regressor

XGBoost is a machine learning algorithm that falls under the classification
of ensemble learning algorithms, specifically within the gradient boosting
framework. The model’s generalizability is enhanced by incorporating regu-
larization methods and utilizing decision trees as foundational learners. XG-
Boost is widely utilized in ranking, classification, and regression because of
its stellar performance in computational efficiency, feature importance anal-
ysis, and missing value management.

Hence, CERN’s designation of it as the most efficacious approach for classi-
fying signals discharged from the Large Hadron Collider is not unexpected.
A unique and specific challenge posed by CERN was the need for a scal-
able solution capable of accurately differentiating an exceedingly rare signal
from background sounds during a complex physical process and processing
3 petabytes of data annually.[178] It was concluded that XGBoost was the
most pragmatic, straightforward, and robust solution.

Extreme Gradient Boosting, or XGBoost, is an algorithm for machine learn-
ing that utilizes ensemble learning. There is a trend towards supervised
learning tasks, which include classification and regression. XGBoost em-
ploys an iterative aggregation process to build a prognostic model from the
predictions of many individual models, often decision trees. The algorithm
functions by progressively incorporating weak learners into the ensemble;
each succeeding learner focuses on correcting the errors made by the an-
tecedent ones[179]. Gradient descent optimization minimizes a predefined
loss function during the training procedure. ® The XGBoost Algorithm is
distinguished by its ability to handle intricate data relationships, its imple-
mentation of parallel processing to enhance computation efficiency, and its
utilization of regularization techniques to prevent overfitting. XGBoost is
an exceptionally versatile algorithm that is implemented in a wide range of
domains.

9https://www.researchgate.net
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Figure 6.9: XGB Regressor

Ensemble Learning

XGBoost is an ensemble learning methodology. In certain circumstances, it
may need to be more adequate to rely exclusively on the output of the solitary
machine learning models. Ensemble learning offers a systematic methodology
for coalescing the predictive aptitudes of many learners. A unified model
is produced by combining the outputs of numerous models. The ensemble
consists of base learners, models that different learning algorithms or the
same algorithm may have generated. Bagging and enhancement are two
widely used techniques in ensemble learning. Although both approaches can
be applied to an extensive range of statistical models, decision trees have
been the most frequently utilized implementation. It is crucial to begin with
a succinct analysis of Bagging before exploring the complexities of gradient
enhancement.

Bagging

Despite being considered among the most intuitive models, the behavior of
decision trees is remarkably unpredictable. Let us contemplate a singular
training dataset arbitrarily partitioned into two separate segments. We shall
train a decision tree by incorporating each component to generate two mod-
els. When both models were fitted, their results would be dissimilar. High
variance is associated with the behavior described in decision trees. The im-
plementation of Bagging or boosting aggregation reduces the variance of each
learner. The bundling technique utilizes a collection of parallel-generated
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decision trees as its foundational learners. For training, these learners are
furnished with replacement-sampled data. Each learner’s cumulative results
constitute the final prediction.

Increasing

Boosting is a process that entails the consecutive construction of trees in
a manner that attempts to reduce the defects introduced by the previous
tree. The residual errors are revised as each tree acquires knowledge from
its antecedents through learning. Consequently, knowledge will be acquired
by the subsequent tree in the sequence through a revised iteration of the
residuals. Base learners in the boosting are weak learners characterized by a
significant degree of bias; their ability to predict outcomes is only marginally
more effective than that of arbitrary conjecture. Each feeble learner con-
tributes vital information that facilitates prediction. By effectively combin-
ing these weak learners, boosting techniques can produce strong learners.
The learner with the highest level of proficiency minimizes both variance
and bias. Different forming techniques resembling random forests that op-
timize tree growth boost utilize trees with fewer divisions. Despite their
relatively modest height, the trees in question exhibit a significant level of
interpretability. One can attain the most effective parameter selection, in-
cluding tree depth, gradient boosting learning rate, and several trees or itera-
tions, through corroboration methods, for instance, k, k-fold cross validation.
An overabundance of trees has the potential to induce overfitting. Hence, it
is critical to determine the limiting criteria for augmentation carefully.
Three straightforward phases comprise the ensemble technique for gradient
boosting:

1. Define an initial model Fj for the purpose of predicting the target
variable z. A residual (y — F) will be associated with this model.

2. By fitting the residuals from the prior step to a new model h;.

3. F} is the result of combining h; and Fpy; it is the enhanced version of
Fy. Mean squared error associated with F; will be less than that of Fy:

Fi(z) « Fy(x) + hy(x)

4. To enhance the performance of F}, a new model F5 could be constructed
using the residuals of F.
Fy(x) « Fi(x) + ha(z)

5. 'm’ iterations of this process are possible until residuals are minimized
to the greatest extent conceivable:

Fo(z) <« F(x) + hp(2)
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The additive learners remain undisturbed by the functions that were es-
tablished in the preceding stages. Conversely, they disseminate their own
information in an effort to reduce the errors.

Features of XGBOOST

XGBoost is a widely used gradient-boosting implementation. Consider a few
characteristics of XGBoost that contribute to its intrigue:

e Regularization: It can be applied to complex models using the L1
and L2 regularization options provided by XGBoost. The function of
regularization is to prevent overfitting.

e Sparse data management: Sparse data can arise from data process-
ing stages, including one-hot encoding or missing values. XGBoost in-
tegrates a sparsity-aware partition-finding algorithm to accommodate
diverse sparsity patterns in data. As the quantile sketch algorithm
demonstrates, most established tree-based algorithms can identify di-
vision points when the weights of the data points are equivalent. How-
ever, their capacity to handle weighted data is constrained. XGBoost’s
distributed weighted quantile sketch algorithm facilitates the effective
administration of weighted data.

e Block structure for parallel learning: XGBoost can maximize
processing performance using multiple CPU processors. Implement-
ing a block structure in the system’s design facilitates this process. In
memory-stored and sorted data, elements are known as blocks. In con-
trast to alternative algorithms, this one allows subsequent iterations to
leverage the data layout instead of performing a recalculation. This
function is practicable in addition to split finding and column subsam-
pling requirements.

e Cache consciousness: To retrieve gradient statistics via row index,
XGBoost requires non-continuous memory access. As a result, the
design of XGBoost prioritizes the effectiveness of hardware utilization.
This is achieved through the allocation of internal buffers for the storage
of gradient statistics in each thread.

e Discretionary computing: This feature improves the efficacy of disc
space utilization in situations involving massive datasets that exceed
the memory capacity.

These are the machine learning models. Now, we discuss the automatic
machine learning model, how it works, and how it helps to evaluate the best-
predicting models. How automatic machine learning model pipelines work.
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6.4 Automatic Machine Learning Algorithms

The concept of "AutoML" refers to the development of tools and techniques
that optimize the process of constructing and optimizing machine learning
models. Automobile’s objective is to democratize artificial intelligence capa-
bilities by providing machine learning tools that are accessible to users with
diverse levels of expertise. The primary aim of automatic machine learning
models is to streamline and streamline the complex and often time-consuming
procedures that are involved in the construction, training, and refinement of
machine learning models.

Important characteristics of models for automatic machine learning include
the following;:

Automated Selection of Models: AutoML systems aid in the identifica-
tion of the most appropriate machine learning algorithm for a given task. To
determine the most effective algorithm for a provided dataset, they examine
numerous alternatives, such as support vector machines, neural networks,
decision trees, & others. The efficacy of a machine learning model is signifi-
cantly impacted by the hyperparameters it is tuned to. AutoML technologies
automate the process of hyperparameter tuning, which entails determining
the optimal combination to boost the model’s accuracy or decrease the loss
function.

e The engineering of features: A feature engineering process is em-
ployed to heighten the model’s performance by identifying and mod-
ifying relevant features existent in the input data. AutoML systems
possess the capability to autonomously select, extract, and modify fea-
tures, thereby augmenting the model’s capacity to extrapolate insights
from the data.

e Preprocessing of Data: Categorical variable encoding, normaliza-
tion, and missing value imputation are a few of the duties that auto-
matic machine learning models assist with. By following this procedure,
it is ensured that the data is in a suitable format for the purpose of
training machine learning models.

e Validation and Evaluation of Models: To assess the efficacy of
the models that have been trained, AutoML systems often incorpo-
rate automatic model evaluation methods, including cross-validation.
Implementing this approach decreases the likelihood of overfitting and
produces a more precise assessment of the model’s ability to generalize.

¢ Ensemble methodologies: To enhance the overall accuracy of fore-
casts, a number of AutoML frameworks employ ensemble approaches to
combine multiple models. Automatically applying ensemble methods
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to combine the strengths of multiple models and mitigate their flaws is
feasible.

e Scalability and Efficiency: The implementation of machine learning
on complex problems and large datasets is made possible by the scal-
ability and efficiency of autonomous machine learning models. This is
notably advantageous in practical scenarios where the quantity of data
may be substantial.

It is critical to bear in mind that although Automatic Machine Learn-
ing models have substantially simplified the workflow, they do not serve as
universally applicable solutions. While these tools aid in accelerating and
democratizing the machine learning process, optimal results still necessitate
a comprehensive understanding of the subject matter and domain expertise.
The models of automatic machine learning models are discussed.

6.5 Models of AutoML

6.5.1 TPOT

Despite numerous AutoML tools designed to accelerate machine learning
through model selection, my insatiable desire remains filled with Tree-
based Pipeline Optimization Tool (TPOT), an early AutoML package. An
open-source Python script, this extraordinarily intelligent tool can auto-
mate the most laborious aspect of machine learning—identifying the optimal
pipeline for your data—by traversing hundreds or thousands of potential
pipelines.[180] Obtaining classification accuracy on par with the competi-
tion is an absolute steal with this AutoML tool. It possesses unparalleled
value. Additionally, this technique can identify artificial feature constructors
that can substantially enhance classification accuracy by discovering distinct
pipeline operators. The enchantment of TPOT is generated in supervised
learning via genetic programming. Despite my characterization of it as a
form of "magic," it cannot substitute machine learning engineers or data
scientists. This instrument identifies the most significant attributes by sys-
tematically examining the data. Moreover, it proposes pipelines. The ability
to export these pipelines and integrate their domain expertise with fit visu-
alization is within the user’s prerogative.

What should you consider before attempting this with a larger
dataset?

e Time Consumption: Their quest could take several hours or even
days to complete.
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Multiple Approaches: It could suggest various approaches for the
same dataset.

Utilizing TPOT AutoML has several advantages

Ease of Use: By automating many tedious and repetitive operations,
TPOT streamlines the machine learning process.

Superior Pipelines: TPOT uses various methods to create superior
pipelines, including genetic programming and hyperparameter tweak-
ing.

High Configurability: TPOT lets users choose a range of hyperpa-
rameters and limitations to create pipelines tailored to their require-
ments.

Scalability: TPOT is appropriate for big data applications since it
can grow to massive datasets and distributed contexts.

Open-source: Many individuals and organizations can utilize TPOT
since it is free to use and open-source.

Driven by Darwin’s theory of natural selection, Tpot uses genetic program-
ming to create an optimized search space. Genetic programming takes ad-
vantage of the following properties:

Selection: The fitness function is assessed at this point for each indi-
vidual, and its values are normalized so that each has a value between
0 and 1, and their total is 1. Next, some random numbers, say R amid
0 and 1, are chosen. We now retain the people whose fitness function
value is greater than or equal to R.

Crossover: To create a new population, we can choose the most fit
individuals from the above group and conduct crossover between them.

Several significant Tpot functions

The automated learning module for the supervised classification challenge is
called TpotClassifier. Some significant arguments it makes are listed below:

e Generations: the number of pipeline process iterations (by default,

100).

e Population size: the number of individuals (by default, 100) to be

kept in the population for genetic programming per generation.
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e Offspring size: the quantity of offspring produced throughout each
round of genetic programming (100 by default).

e Mutation rate: between |0,1] mutation rate (0.9 by default).

e Crossover rate:  between [0, 1| crossover rate (0.1 by default)
crossover rate + mutation rate <— 1.

e Scoring: measures to assess the pipeline’s quality. Here, scoring
considers factors like F'1 score, accuracy, etc.

e Cv: cross-validation method; in K-Fold cross-validation, the value
will be K if it is an integer.

e n job: the maximum number of concurrent processes that can operate

(by default, 1).

e max time mins: Tpot’s maximum allotted time for pipeline opti-
mization (default: None).

e max eval time mins: The maximum number of minutes that
TPOT has to assess a single pipeline is max _eval time mins (default:
None).

e Verbosity: The amount of data that TPOT shows on the screen at
any time.
1. Nothing
2. little details
3. additional details and a progress meter
4

. everything (default: 0)

TpotRegressor

The TpotRegression module automatically carries out deep learning tasks for
regression. Most of the arguments used to designate the TpotClassifier above
are similar. The scoring is the only variable[180] that is different in this case.
To assess the regression using TpotRegression, we employ parameters like
"r2," "neg median absolute error," "neg mean absolute error," and
"neg mean_squared error."

o fit(features, target): Utilize the provided data to run the TPOT
optimization pipeline.

e predict(features): To forecast target values of an example or exam-
ples of a feature set, use the optimized pipeline.
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e score(test features, test target): This function assesses the model
using test data and yields the best possible score.

e export(output file name): The optimized pipeline can be exported
as Python code.

6.5.2 H20 Regressor

Open-source H20 is an Al and machine learning platform. Compatibility
with the Flow web interface has been established. H20 Flow enables the cre-
ation of a diverse range of machine learning models without coding. Pipelines
for machine learning can be constructed with a simple point-and-click opera-
tion. Furthermore, H20 provides a web-based graphical user interface (GUI)
that employs these methods via JSON. Deploying H20 AutoML-trained
models on AWS Spark platforms is a straightforward process. One of the
main advantages of H20 AutoML is that it enables developers to allocate
their efforts towards other responsibilities, such as feature engineering, data
collection, and model deployment. This is achieved by automating various
processes, including fundamental data processing, tuning and model training,
collaborative construction, and model piling to optimize their performance.

The features of H20 AutoML

e H20 AutoML offers essential data processing functionalities. Every
H20 algorithm incorporates these as well.

e Trains a random grid of algorithms (e.g., GBMs, DNNs, and GLMs)
by carefully selecting a hyperparameter space.

e (Cross-validation is used to fine-tune each model.

e They train two stacked ensembles. Optimized for model performance,
one ensemble includes every model, while the other includes only high-
performing models from each class/family of algorithm (augmented for
production use).

e Yields an all-model sorted "Leaderboard."

e Exporting any model to production is simple.

Buildings

H20 architecture is used in H20 AutoML. Different APIs will be found
at the top of the H20 architecture, while the H20 JVM will be at the
bottom. Using socket connections, H20 offers REST API patrons for Excel,
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R, Python, Tableau, and Flow Web UI. Several parts that will operate on
the H20 JVM process are contained in the bottom layer.

e A cluster of H20 is made up of one or more nodes. There is just
one JVM process per node. Three layers comprise each JVM process:
language, core infrastructure, and algorithms.

e The language layer is the first layer at the bottom. It comprises the
Scala layer and a manifestation assessment engine for R.

e The algorithm layer is the second layer. It contains algorithms like XG-
Boost, GBM, Random Forest, K-Means, and others previously included
in H20.

e The core infrastructure or third layer handles resource management,
including memory and CPU management.

We can make many arguments like these:

e Threads: The number of CPU cores that the H20 server can employ;
automatically, it uses all of them.

e Ip: The host’s IP address on which the H20 server will operate. It
makes use of a local host by default.

e Port: The port that H20 server will operate on.

e max mem _size: A string of characters that tells H20 how big the
memory allocation pool can get in bytes. This number needs to be
more than 2MB and a multiple of 1024. To signify megabytes, affix the
letter M, and append the letter G to indicate gigabytes.

The machine learning models, and automatic machine learning models are
explained above. Now, these are the terminologies and concepts for finding
the best models for evaluation. For example, Ry Score and other terminolo-
gies are also discussed below. Every model will be differentiated using these
terminologies. So, it’s important to know these terminologies.

6.6 Terminologies used for Results of models

6.6.1 Ry Score

A statistical measure, the R-squared (R2) score, is alternatively known as
the coefficient of the determination. It enumerates the degree to which in-
dependent variables, in a regression model, account for variability perceived



150  CHAPTER 6. MACHINE LEARNING IN FINANCIAL MARKET

independent variables. Alternatively stated, it evaluates the degree to which
the regression model adequately accounts for variability in observed data,
thus indicating its goodness of fit.

SSTGS

R*=1-
SStot

(6.16)

e R? represents the R-squared value.

e The sum of squared residuals S5, signifies inconsistency between the
observed values of the dependent variable and those prophesied by the
model.

e The total sum of squares 5SSy, represents the entire variance of the
dependent variable.

The sum of all squares 5SS,

n

SSuor = > (i — )’ (6.17)

=1

n Denotes the number of observations. y; Embodies the actual value of a
dependent variable. At the time of observation 7; , the mean of the dependent
variable.

The sum of residuals squared SS,.;

SSves = X (0 — 0’ (6.18)
=1

Where ; signifies the observed value of the dependent variable as predicted.
For the regression model.

R, Calculation

. SSres
SStot

The range of the Ry score is 0-1. A value of 0 indicates that the model
nosedives account for any erraticism witnessed in the dependent variable,
although a value of 1 signpost that the model sufficiently accounts for all
variability.

R2=1

(6.19)
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6.6.2 MSE or Mean Square Error

Mean Squared Error, abbreviated as MSE, is a recurrently used metric in
the valuation of some regression model’s enactment. The metric analyses
the average squared deviation between predicted and actual values. The
MSE formula is expressed as follows:

MSE =13 (-3 (6.20)

i=1

S

MSE stands for "Mean Squared Error."

The value of n epitomizes the number of observations in the dataset.

e y;represents the true value of the dependent variable at the time of
observation .

Where i denotes the anticipated value of the dependent variable for
observation 7; per the regression model.

The square root of residuals

(i — 5)° (6.21)

For each observation, determine the squared deviation from the true value y;
in conjunction with the anticipated value ; .

The product of the squared residuals

> ) (622)

The sum of the residuals squared for each observation.

Residuals Squared Average

WU, (6.23)

The average squared difference can be calculated by dividing the sum of
squared residuals by the observations. The mean square error (MSE) quan-
tifies the degree of agreement between the predictions generated by a regres-
sion model and the observed values. The reduced mean square error (MSE)
signifies enhanced performance, as it designates that the model’s predictions
approach the actual values on average.
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e The MSE of a flawless model would be zero, signifying the absence of
any incongruity between predicted and observed values.

e An increase in the mean square error (MSE) shows that, on average,
the model’s prophecies diverge more from true values.

e Although MSE is a frequently employed metric, it is susceptible to
outliers. When differences are squared, the impact of larger errors is
amplified. When outliers can substantially impact a model’s perfor-
mance, alternative metrics such as Huber loss or Mean Absolute Error
or MAE may be considered.

MSE is a prevalent and uncomplicated metric utilized to evaluate the pre-
cision of regression models. It does so by quantifying the average squared
discrepancy between values predicted and actual outcomes. It indicates the
comprehensive model fit and may prove beneficial when contrasting various
models or fine-tuning model parameters.

6.6.3 RMSE (Root Mean Squared Error)

The Root Mean Squared Error is a metric commonly employed to assess a
regression model’s effectiveness, especially when imposing a greater penalty
on larger errors relative to smaller ones is advantageous. RMSE is obtained
by dividing the average discrepancies between the prophesied and genuine
values by the square root of the mean squared error (MSE). The RMSE
formula is expressed as follows:

RMSE = VAMSE — , |~ > (i — )’ (6.24)
n i=1

e RMSE stands for "Root Mean Square."
e MSE stands for "Mean Squared Error."
e The value n symbolizes the number of observations in the dataset.

e y; represents the true value of a dependent variable at the time of
observation 1.

e i denotes the anticipated value of the dependent variable for observation

y; by the regression model.

The square root of residuals

(y: — ) (6.25)
For each observation,y; determine the squared deviation from the true value
in conjunction with the anticipated value ;.
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The product of the squared residuals

An (yi — ) (6.26)

2

The average squared difference can be calculated by dividing the sum of
squared residuals by the number of observations.

RMSE: root for the MSE

RMSE = VMSE (6.27)

RMSE is calculated using the square root of MSE. This phase is incorpo-
rated to restore the error metric to the same scale as the initial dependent
variable. RMSE is more interpretable because it is expressed as the same
unit as the dependent variable. A reduced RMSE indicates enhanced model
performance, as it signifies that the model’s predictions approach the actual
values on average. Due to the squaring of residuals, bigger errors have a
more pronounced effect on the RMSE, which is sensitive to outliers. When
comparing the accuracy of various regression models or determining the
effect of parameter modifications, RMSE is a useful metric. Nevertheless, it
is critical to consider the problem’s context, as specific applications may give
precedence to categories of defects. Furthermore, in the case of distorted
distributions or outliers, it may be prudent to contemplate alternative
metrics like Mean Absolute Percentage Error abbreviated as MAPE or
Mean Absolute Error/MAE.

The next concept is Optuna. Optuna is just for the best hyperparam-
eter optimization. Optuna Is fast and gives better hyperparameters than
other hyperparameter optimization methods, e.g., grid search. These models
are trained with hyperparameter tuning. In parameter optimization, Grid
Search is frequently employed as a starting point. By employing techniques
such as cross-validation, this approach meticulously investigates a predeter-
mined grid of hyperparameter parameters and assesses the performance of
the simulation for every possible combination. Although Grid Search may
appear simple and straightforward to execute, it does possess certain limi-
tations, most notably in the pace and efficiency of computation, especially
when confronted with an extensive space of hyperparameters. An enhanced
and versatile methodology could involve the integration of Optuna into one’s
hyperparameter optimization strategy. Bayesian optimization is incorpo-
rated into the sequential model-based optimization (SMBO) methodology
utilized by Optuna. In contrast to Grid Search, Optuna dynamically ad-
justs its search algorithm in response to the outcomes of preceding trials.
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The ability to adapt enhances Optuna’ s efficiency and enables it to navi-
gate a complex hyperparameter space with greater effectiveness. The frame-
work gradually optimizes the model’s efficacy by systematically sampling
new hyperparameter values. Although Grid Search is easier to use due to
its simplicity, its potential sluggishness should be considered, particularly in
larger hyperparameter spaces. When time can be significant, and freedom is
important, contemplate switching to Optuna, a sophisticated methodology
that will notably expedite the hyperparameter optimization procedure. So,
for hyperparameter selection, the best choice is Optuna. More information
about Optuna will be discussed next. How it works, its features and other
information about Optuna will be discussed below.

6.7 Optional

For machine learning models, Optuna is an open source hyperparameter op-
timization framework. It is a user-friendly and effective platform designed by
Preferred Networks, Inc. that facilitates the adjustment of hyperparameters
to optimize the functionality of machine learning algorithms. A critical stage
in the machine learning pipeline, hyperparameter optimization entails locat-
ing the optimal set of hyperparameter values that produce the most effective
model.

6.7.1 Features of Optuna

Objective Function

Defining an objective function that assesses the proficiency of the machine
learning model with a specified set of hyperparameters is central to the op-
timization procedure in Optuna. The aim is to determine whether this ob-
jective function is minimized or maximized.

Search Spaces

Optuna provides extensive support for various search spaces, encompassing
continuous, discrete, and categorical variables regarding hyperparameters.
The adaptability facilitates an exhaustive investigation of the hyperparame-
ter space.

Trials

Within Optuna, a trial denotes an individual assessment of the objective
function utilizing a predetermined configuration of hyperparameter values.
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To investigate the hyperparameter space efficiently, Optuna conducts itera-
tive trials.

Study

A study is a compilation of trials, and Optuna searches the hyperparame-
ter space utilizing various algorithms. The research maintains a log of the
optimal hyperparameters identified throughout the optimization procedure.

Optimization Algorithms

Optuna offers a diverse range of optimization algorithms, including random
search and TPE,which govern the exploration of the hyperparameter search
space.

Integration with Libraries for Machine Learning

Optuna exhibits a high degree of compatibility with widely used machine
learning libraries, including scikit-learn, TensorFlow, PyTorch, and XG-
Boost. This facilitates the integration of hyperparameter optimization into
users’ pre-existing machine-learning workflows.

Distributed and Parallel Optimization

Optuna facilitates parallel and distributed optimization, allowing users to
execute multiple trials concurrently to accelerate the hyperparameter search
procedure.

Visualization

To analyze the optimization results, Optuna provides visualization tools.
Users can acquire valuable insights into hyperparameter tuning by examining
statistics, convergence graphs, and optimization history.

Pruning

Pruning is an Optuna feature that enables the premature termination of
trials with a low probability of producing optimal results. This facilitates
the acceleration of the optimization process and conserves computational
resources.
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Storage Back-ends

Optuna supports various storage back-ends, enabling users to store optimiza-
tion results persistently. This facilitates the resumption of optimization of
experiments and the sharing of results. As every Machine learning model
selector knows when selecting an appropriate machine learning algorithm for
various applications, execution time is a crucial determinant. Data processing
speed directly affects scalability, efficacy, and resource utilization. Scalabil-
ity is enhanced in algorithms with reduced execution times, enabling them
to effectively manage substantial datasets and real-time processing demands
without substantial interruptions. Furthermore, increased execution speeds
improve the overall system efficiency, resulting in financial savings through
more effective utilization, especially in cloud computing. Accelerating the
innovation cycle during the model development phase, speedier execution
permits rapid iteration and experimentation. Minimizing exe minimization
in production environments is critical to adhering to service-level agreements
and ensuring optimal system availability. Moreover, rapid execution permits
flexibility in response to dynamic environments by facilitating prompt model
retraining to account for shifting data distributions or requirements. Hence,
it is imperative to take execution time into account in conjunction with
other performance metrics when choosing machine learning algorithms that
achieve an optimal trade-off between computational efficiency and predictive
performance.

6.8 Execution Time

Jupyter Notebook Extensions (nbextensions) are supplementary components
designed to improve the visual as well as functional aspects of Jupyter Note-
books. One such extension is the Execute Time nbextension, which presents
the execution time of individual code cells within the interface of the Jupyter
Notebook. This can be advantageous for monitoring the execution time of
specific cells while coding. Utilizing the Utilizing Time nb extension is as
follows:

6.8.1 Proceed with installation

To utilize the time nb extension within your Jupyter Notebook environment,
installation is required. This can be accomplished with the following com-
mand.

jupyter nb extension install execute_time/ExecuteTime
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6.8.2 To activate the nbextension

It is necessary to enable the Execution Time nb extension following installa-
tion. Implement the subsequent command.

jupyter nbextension enable execute_time/ExecuteTime

6.8.3 Usage

e After the nb extension has been successfully installed and enabled, the
Jupyter Notebook can be executed ordinarily.

e The extension will exhibit the execution time in the upper-right corner
of the code cell when it is executed.

The Execute Time nb extension offers a practical method for monitoring the
execution time of individual code cells. This is advantageous in performance
analysis and optimization, extending the temporal complexity of distinct
code segments. It is important to note that nb extensions are context-
dependent and may require installation and activation for every Jupyter
Notebook session or environment in which they are intended to be utilized.
The Execute Time extension is primarily useful for rapidly determining the
execution time of code cells without requiring additional code annotations or
special commands. Now we know each model and Each terminology used for
developing and evaluating the model to predict the price of each timeframe
dataset. For this dashboard, we have scaled features. The next step is to
evaluate each model in each timeframe dataset.

6.9 Socket Io

Websites previously required a refresh each time a resource was requested.
This resulted in unwarranted delays that prolonged the average wait time.
Users frequently had to wait minutes for a page or file to load. In contrast,
real-time applications (e.g., push notifications, instant messaging, and online
gaming) operate during a specified time interval to provide users with an im-
mediate and current resource version. These applications strive to maintain
the lowest possible latency to provide a consistent and seamless user expe-
rience. Socket.IO was developed by Guillermo Rauch and introduced to the
public in 2010. Introducing an event-driven, real-time paradigm overcomes
the shortcomings of conventional HT'TP communication. Presently, many
Internet applications are built upon a Client-Server architecture. A client
is an individual who requests a server. In response to the request, a server
provides suitable outcomes. Because of the duties that they each execute,
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these two entities are similar. The browser serves as an exemplary client
application. Typically, browser clients and servers exchange data via HT'TP
requests and responses. This communication is flawed in that it only permits
the transmission of a request or a response at any given time. To enhance
comprehension, envision it as a half-duplex connection. Furthermore, HTTP
headers are replete with superfluous data that becomes inconsequential once
a connection between the client and server is established. In contrast, sockets
operate at the transport layer of the network stack. Reducing the number
of redundant fields enhances the efficacy of web-based information transfer.
Using the same underlying concept, Socket.IO enables bidirectional commu-
nication between web clients and servers. To manage them separately and
efficiently

e the client library operates on browsers.

® Server

6.10 Server Sent Event

Server-Sent Events (SSE) is a web technology that permits servers to deliver
up-to-the-minute updates to consumers via a solitary HT'TP connection. In
contrast to conventional HTTP requests, which require the client to com-
mence communication, SSE enables the server to instigate correspondence
and promptly update the client with newly acquired data. SSE operates on
the principle of unidirectional data transmission and does not rely on UDP-it
utilizes a persistent HT'TP connection.

6.10.1 Principal SSE Characteristics

Unidirectional Communication

SSE enables communication exclusively between the host and the client. This
unidirectional data transmission is appropriate when the server must deliver
notifications or updates to connected clients.

Format based on text

SSE messages are transmitted in a text-based format, facilitating client-side
processing and parsing. The information is commonly conveyed as unfor-
matted text and is amenable to processing via JavaScript.
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Event-driven design principles

SSE is constructed with an event-driven framework. The server transmits
events to the client, which can be received and responded to by the client-side
JavaScript. Therefore, it is highly suitable for applications that necessitate
real-time updates.

Individual HTTP Connection

A solitary, persistent HT'TP connection between the client and the server
is upheld by SSE in the interim. This approach enhances efficiency beyond
specific alternatives by repeatedly eliminating the need to establish and ter-
minate connections for every update.

Reconnection by Opposition

SSE incorporates mechanisms to reconnect automatically. The client will
endeavor to reconnect automatically in the event of a connection failure,
thereby guaranteeing an uninterrupted stream of updates.

6.11 Al base Prediction Dashboard

The terminologies, techniques, and technologies mentioned above are used to
develop a dashboard that predicts the price of BT'C time intervals: 1-minute,
3-minute, 5-minute, and 15-minute.

B BTC 1Minute.csv
B BTC 3Minute.csv

B BTC_SMinute.csv
B BTC_15Minute.csv

Figure 6.10: CSV Data Files

The major work of this dashboard is to train the model, which gives more
accurate values or predictions. For this, the explained models are used with
different concepts.

After the hyperparameter optimization is finished using Optuna, the next
phase entails utilizing hyoptimized values to conduct comprehensive training
of the machine learning models. This stage is critical, as it allows the models
to adjust to the optimized hyoptimizedters, assuring that they accurately
represent the complexities of the latent patterns within the data. Providing
the algorithm with instructional data facilitates acquiring knowledge and
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refining internal parameters to optimize optimization. Within this context,
the models undergo training using discrete time intervals recorded by the
Kline: one minute, three minutes, five minutes, and fifteen minutes. Every
model is customized with specific attributes and fluctuations that exist during
the corresponding period.

Al Real-Time Signal Machine

Wed,_ OF Feb 2024 12:08:48 GMT

4375795 (A

Figure 6.11: AT base Prediction Dashboard

To ensure the accuracy of the dataset, the training set to each time in-
terval has been subjected to rigorous cleansing and manipulation processes
to remove any values that are absent or outliers. Including preprocessing
features, such as technical indicators like moving averages and a relative
strength index (the RSI indicator), enhances the models’ capacity to identify
significant patterns within the designated time intervals. During the training
process of the models on their corresponding datasets, it is critical to evaluate
their performance by employing essential evaluation metrics. Indicating the
extent to which the model accounts for the variability observed in the depen-
dent variable, the R2 score provides valuable insights regarding the overall fit.
In contrast, the root mean squared error (RMSE) and mean squared devia-
tion (MSE) measure the precision of predictions quantitatively by calculating
the average and root mean of the squared differences among predicted and
actual values. The performance metrics function as a guiding principle when
selecting models. Models that possess greater R2 scores and reduced MSE
and RMSE values exhibit enhanced predictive capabilities during the spec-
ified time intervals. By thoroughly assessing these metrics, it is possible to
determine which model achieves the most advantageous trade-off between
variance and bias, thereby guaranteeing reliable extrapolation to novel, un-
observed data. Thorough evaluation of these metrics holds particular impor-
tance in domains where exactitude and reliability are paramount, such as
healthcare prognostications or financial forecasting. Hence, this assessment
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Figure 6.12: Algorithm of Dashboard

following hyperparameter tuning, which includes training on discrete time
intervals, serves as a crucial milestone, enabling professionals to select mod-
els that derive advantages from optimized hyperparameters and demonstrate
the utmost predictive precision for their periods. By adopting this exhaus-
tive methodology, the ultimate models chosen to serve as evidence of the
complex interaction that occurs when optimizing hyperparameters, assessing
performance thoroughly, and comprehending the subtleties of various time
intervals to attain optimal predictive modelling. TPOT and H20 are essen-
tial instruments in the ever-changing domain of automated machine learning
for effectively managing the intricacies associated with model selection and
tuning of hyperparameters. The main objective of this advanced application
is to utilize machine learning models for prediction purposes across different
time intervals, with a specific emphasis on the data extracted using Kline
at one minute, three minutes, five minutes, and fifteen minutes. Prominent
among these are TPOT, which is widely recognized programming, and H20,
which utilizes to investigate and assess a wide variety of algorithmic alter-
natives and the hyperparameter configurations in an efficient manner. As
the frameworks for autonomous machine learning progress, they navigate a
vast terrain of algorithmic and hyperparameter spaces, dynamically adjusting
their approaches to capture the distinct temporal patterns that define each
interval of time. H20 methodically investigates and capitalizes capitalization
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parameter space, whereas TPOT systematically employs genetic program-
ming to generate a population of potential models. The result is a collection
of varied models, each meticulously adjusted to capture the intricate dynam-
ics of its assigned time. Following training, TPOT and H20 surpass simple
model evaluation. The organization’s extensive collection of critical metrics
comprises, among others, mean squared error (MSE), root mean squared
error (RMSE), precision, recall, and F1 score. These metrics function as
numerical assessments of the model’s predictive precision, explanatory ca-
pability, and overall efficacy. By providing a comprehensive assessment of
the models’ performance, these metrics provide valuable insights regarding
the models’ capacity to generalize generalized observed data and identify im-
mediate and enduring trends in the cryptocurrency market. Additionally,
both frameworks identify the model with the highest performance during
each time interval and produce comprehensive Python scripts that contain
the ideal configuration and hyperparameters. The Python files function as
concrete artefacts, representing the refined insights acquired via the auto-
mated machine-learning procedure. The specifications encompass the model
itself and comprehensive particulars regarding the data preprocessing and
feature engineering procedures distinct to the 1-minute, 3-minute, 5-minute,
and 15-minute time intervals. Furthermore, H20 furnishes a leaderboard
with exhaustive data regarding the trained models, enabling professionals to
assess and contrast the efficacy of various configurations and algorithms. By
distinguishing the highest-performing models, the leaderboard facilitates a
more comprehensive comprehension of their merits and demerits with the
given data.

6.11.1 Implementation of Diverse Models

Training machine learning models with the preprocessed data constitutes
the final stage. One may utilize neural networks, decision trees, linear re-
gression, and random forests, which are even more sophisticated. In addition,
modifying the hyperparameters is essential for optimizing the model. Hyper-
parameters are configuration settings that influence the learning process and
can substantially affect the accuracy of a model when the optimal combina-
tion is discovered.

By integrating historical data, utilizing techniques, integrating feature engi-
neering to improve model input, applying standard scaling to ensure feature
scales are consistent, and employing a variety of machine learning models
with hyperparameters that have been meticulously tuned, this dashboard
forecasts BTC prices at various time intervals. This all-encompassing strat-
egy aims to construct a resilient and precise forecasting model for fluctuations
in cryptocurrency prices.

The table below shows the results of all the models evaluated. As this table
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shows, the R2_Score is nearly the same as all the models. So, to distinguish
the models, we use MSE and RMSE terminologies. According to these ter-
minologies, the model can best predict if it has MSE and RMSE. Also, this
table has an execution time column using the Jupyter extension. These are
the model training execution times.
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Table 6.2: Model Results On 3 Minute dataset

Time Interval Model R2 Score MSE RMSE Execution Time
3 minute KNeighborsRegressor | 0.999098043 | 228839.2656 | 478.3714724 | 1m 23.7s
LinearRegression 0.999998184 | 460.8235087 | 21.46680015 | 5.57s
DecisionTreeRegressor | 0.999996039 | 1004.851771 | 31.69939701 | 7m 19s
RandomForestRegressor | 0.999996033 | 1006.477941 | 31.7250365 | 7m 24s
LogisticRegression 0.999996033 | 1006.451818 | 31.72462479 | Tm 20s
BayesianRidge 0.999998184 | 460.8236354 | 21.4668031 | 7.63s
LGBMRegressor 0.999943941 | 14211.83916 | 119.2134185 | 7m 15s
AdaBoostRegressor 0.997036243 | 751947.1901 | 867.1488858 | 44m 34s
XGBRegressor 0.999943371 | 14356.39885 | 119.8181908 | 23m 4s
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Table 6.4: Model Results On 15 Minute dataset

Time Interval Model R2 Score MSE RMSE Execution Time
15 minute KNeighborsRegressor | 0.998118524 | 482009.3282 | 694.2689163 | 10.6s
LinearRegression 0.999991442 | 2192.563511 | 46.82481726 | 623ms
DecisionTreeRegressor | 0.999979078 | 5359.831053 | 73.21086704 | 15.1s
RandomForestRegressor | 0.999978715 | 5452.863629 | 73.8435077 | 15.7s
LogisticRegression 0.999979091 | 5356.612895 | 73.18888505 | 1m 15.0s
BayesianRidge 0.999991442 | 2192.566759 | 46.82485194 | 855ms
LGBMRegressor 0.999941839 | 14618.19245 | 120.9057172 | 40.1s
AdaBoostRegressor 0.996754226 | 831524.1818 | 911.8794777 | 6m 50s
XGBRegressor 0.99994366 | 14160.64962 | 118.9985278 | 11m 27s
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6.12 Automatic Machine Learning Results

As we mentioned above, the machine learning model results. The table below
shows the results of all automatic machine learning models, e.g. TPOT and
H20, with all the terminologies used above a column name Description have
the best model given by automatic machine learning models.

AUTOMATIC MACHINE LEARNING MODELS

ExecutionTime M RMSE  Recommended Madels

TPOT_1m 8h9m49s LinearSVR
TPOT 5m 1h35m2s RidgeCV

Figure 6.13: AutoML Models

H20 _15m 1m38.7s
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Table 6.5: Automatic Machine Learning Results
Time Interval Model R2_Score MSE RMSE Execution Time | Resulted Models

1 minute TPOT 1m | 0.999999372 | 159.2810969 | 12.62066151 8h 9m 49s LinearSVR
H20 1m 0.999999999 | 373.2726486 | 19.32026523 2m 43s GBM

3 minute TPOT 3m | 0.999998184 | 460.8255703 | 21.46684817 2h 16m 54s LassoLarsCV
H20 3m 0.999999999 | 1102.971061 | 33.21100813 2m 28s GBM

5 minute TPOT 5m | 0.99999685 | 800.7614545 | 28.29772879 1h 35m 2s RidgeCV
H20 5m 0.999999999 | 1102.971061 | 33.21100813 1m 53.1s GBM

15 minute TPOT 15m | 0.999991442 | 2192.479307 | 46.82391811 34m 46s LassoLarsCV
H20 15m | 0.999999999 | 3155.519421 | 56.17401019 1m 38.7s GBM
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The pipeline for model development is sped up by utilizing a data-rich
methodology, but the chosen models are also guaranteed to be resilient and
adaptable to the distinct temporal attributes of various intervals. The gen-
erated Python files are exhaustive blueprints to ensure reproducibility, en-
abling professionals to effortlessly duplicate, enhance, and expand their mod-
els. Using H20 in this data-intensive procedure, data scientists and analysts
can comprehensively comprehend market dynamics. This enables them to
develop precise and adaptable predictive models for various time intervals
within the cryptocurrency market. Under its automated and iterative char-
acteristics, this process facilitates scalability, precision, and efficiency, allow-
ing professionals to maintain a leading edge in predictive modelling amidst
the swiftly changing financial environment.

6.12.1 Model Selection

After the model selection procedure, XGBoost and LightGBM emerged as
the leading models capable of forecasting cryptocurrency prices for various
time intervals (Kline-extracted data: 1-minute, 3-minute, 5-minute, and 15-
minute). Both models are well-known for their gradient-boosting frame-
works, which provide an extensive collection of tools for predictive modelling.
The comprehensive assessment procedure considered essential performance
indicators, such as mean squared error (MSE), R2 score, and root mean
squared error (RMSE), which provided insightful comparisons. XGBoost,
a model renowned for its outstanding predictive capabilities, demonstrated
competitive outcomes, attesting to its aptitude for identifying complex pat-
terns within the cryptocurrency market. Nevertheless, the comparatively
sluggish training process for XGBoost gave rise to concerns in situations
where computational efficacy is of the utmost importance. Light GBM’s per-
formance was exceptional throughout all assessed periods due to its dis-
tributed and efficient gradient-boosting framework. In addition to rapid
training durations, the model consistently demonstrated reduced root mean
square error (RMSE) values compared to XGBoost and alternative automatic
machine learning models. The rapidity of the training process is especially
remarkable in contexts requiring timely predictions, such as real-time appli-
cations. The selection of Light GBM as the ultimate model was further sup-
ported by its remarkable computational efficiency, which rendered it highly
suitable for processing high-frequency financial data. The model’s capac-
ity to attain reduced root mean square error (RMSE) values throughout all
periods provided additional evidence of its superiority. Although XGBoost
demonstrates exceptional predictive accuracy, Light GBM’s advantage lies in
situations that demand immediate model deployment and real-time predic-
tion capabilities, as evidenced by its speedier training periods. LightGBM is
deemed the optimal model for forecasting cryptocurrency prices because of
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MACHINE LEARNING MODELS

15-RMSE ®m5-RMSE  m 3-RMSE  m 1-RMSE

118.99
M 118.29
MM 119.81
M 121.39

XGBRegressor

911.87
I AR 88134
867.14

AdaBoostRegressor e —————————
UECRRARE AR RERECRRARE R AR ERRE AR AR CLRRARE AR CARR A CARARE AR AR AR ELAR AR CLARAEEARCAA R EEAARAREC R CAA R FEAREAREAAREAE R EAAREEEARRREEREAREERAREAEECERARE A EAAREEECARRREFRRAARRERARRAREFLRLE 932

120.9
M 119.98
NI 119.21
M 123 .68

LGBMRegressor

46.82
m 283
Il 21.46
il 12.62

BayesianRidge

73.18
Ml 42.88
i 31.72
i 18.75

LogisticRegression

73.84
Hm 42.78
i 31.72
l 18.84

RandomForestRegressor

73.21
i 42.44
i 31.69
i 18.73

DecisionTreeRegressor

46.82
m 283
l 21.46
I 12.62

LinearRegression

KNeighborsRegressor

0 100 200 300 400 500 600 700 800 900 1000

Figure 6.14: Machine learning Models
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its remarkable amalgamation of precise predictions, streamlined training pro-
cess, and appropriateness for handling high-frequency financial data. Con-
sidering computational efficiency and model performance, the sophisticated
decision concludes that Light GBM is the most suitable option for precise and
punctual forecasts in the ever-changing cryptocurrency market.

LGBM
def objective(trial):
params = {

"learning_rate’: trial.suggest_float (’learning_rate’,
0.01, 0.2),
"max_depth’: trial.suggest_int ('max_depth’,
3, 10),
"'n_estimators’: trial.suggest_int ('n_estimators’,
50, 200),
"subsample’: trial.suggest_float (' subsample’,
0.8, 1.0),
"colsample_bytree’ :trial.suggest_float (' colsample_bytree’
0.8, 1.0),
"num_leaves’: trial.suggest_int (' num_leaves’,
10, 100),

lgbm_model = LGBMRegressor (*xparams)
lgbm_model.fit (X_train_scaled, y_train)
y_pred = lgbm_model.predict (X_test_scaled)

mse = mean_squared_error (y_test, y_pred)
return mse

study = optuna.create_study(direction="minimize’)
study.optimize (objective, n_trials=50)

best_params = study.best_params
best_mse = study.best_value
final_model = LGBMRegressor (xxbest_params)

final_model.fit (X_train_scaled, y_train)
y_pred = final_model.predict (X_test_scaled)
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XGB
def objective(trial) :
params = {
"learning_rate’: trial.suggest_float (' learning_rate’,
0.01, 0.2),
"max_depth’: trial.suggest_int ('max_depth’,
3, 10),
"n_estimators’: trial.suggest_int ('n_estimators’,
50, 200),
"subsample’: trial.suggest_float (' subsample’,
0.8, 1.0),
"colsample_bytree’ :trial.suggest_float (' colsample_bytree’
0.8, 1.0),
}
xgb_model = XGBRegressor (x*params)
xgb_model.fit (X_train_scaled, y_train)
y_pred = xgb_model .predict (X_test_scaled)
mse = mean_squared_error(y_test, y_pred)
return mse
study = optuna.create_study (direction="minimize’)
study.optimize (objective, n_trials=50)
best_params = study.best_params

best_mse = study.best_value

final_model = XGBRegressor (x*xbest_params)
final_model.fit (X_train_scaled, y_train)
y_pred = final model.predict (X _test_scaled)
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6.12.2 Best Models for Implementing

After determining that LightGBM was the most effective predictive model,
the following stage was devoted to improving the deployment strategy to
increase storage efficiency. Joblib utilized the pickle module during ini-
tial serialization to address concerns regarding the files’ size. These issues
were resolved by implementing joblib with gzip compression, and the storage
and retrieval procedures were optimized, and optimized in a more agile and
resource-efficient system.

The investigation advanced to Flask, an adaptable and diminutive web
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framework that functioned as the critical element in establishing a robust
server infrastructure. The Flask application was carefully designed to re-
trieve real-time data from the Kline in synchronized time intervals: 1-minute,
3-minute, 5-minute, and 15-minute intervals per the model’s training sched-
ule. The successful establishment of a consistent and one-way communica-
tion channel between the server and consumers was facilitated by deploying
the Server-Sent Events (SSE) protocol. SSE surfaced as a sophisticated res-
olution optimized for sustaining persistent connections. By implementing
this design decision, the server could effectively transmit real-time forecasts
to connected clients, thereby obviating the necessity for frequent request-
response cycles. The implementation of SSE demonstrated a dedication to
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optimizing or optimizing, especially in situations where timely updates are
required at precise moments. The decision to migrate from Socket.IO to SSE
was made strategically, with simplicity and efficiency in managing persis-
tent connections as primary motivators. SSE, a characterized directional
data stream, exhibited seamless alignment with the model’s predictions,
thereby furnishing a dependable and expandable real-time communication
solution. The intentional choice was made to incorporate Next.js into the
framework for the interface. Following its reputation for adaptability and
user-friendliness, Next.js was an ideal complement to Flask. By incorporat-
ing Next.js, a responsive and dynamic user interface was achieved, enabling
users to interact with real-time cryptocurrency price predictions intuitively.
Comprised of Light GBM for precision, Flask for server-side efficiency, SSE
for streamlined communication, and Next.js for an engaging interface, this
comprehensive account describes how a sophisticated and resilient predictive
analytics platform is assembled. In addition to furnishing precise forecasts
that are synchronized and synchronized time intervals, this platform offers
users a seamlessly incorporated interface, enabling them to interact with
cryptocurrency price data in real time. Every element’s careful and precise
engineering signifies a dedication to effectiveness, precision, and user satis-
faction within the ever-changing domain of financial forecasts.

Figure 6.16: folders with joblib files

After the comprehensive implementation of the predictive model had been
completed, the subsequent course of action entailed deploying both the front-
end and back-end components onto the Microsoft Azure cloud platform. The
back-end component was implemented on the Web App service, whereas the
UI component was hosted on an Azure Virtual Machine (VM) instance. The
robust and dependable hosting was ensured by utilizing Azure’s utility and
infrastructure capabilities in this distributed deployment architecture. The
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Flask application and the Light GBM-based predictive model comprised the
back end, deployed via the Azure Web App service. This platform provides
a completely managed environment that facilitates the smooth implementa-
tion and expansion of web applications. By utilizing, integration with other
Azure services, automatic scaling, and streamlined administration were all
made possible. Regarding the front end, the decision was reached to imple-
ment it on an Azure-hosted virtual machine. The virtual machine functioned
as the hosting environment for the Next.js application, granting it the abil-
ity to modify and regulate the front-end’s dependencies and configuration.
A Nginx server was implemented on the virtual machine to bolster the front
end’s security. Nginx is a highly resilient and efficient web server renowned
for its capability to manage concurrent connections. Acting as an intermedi-
ary between the user’s web browser and the Next.js application, it processed
incoming queries and delivered the appropriate responses efficiently. Addi-
tionally, an SSL certificate was deployed utilizing a tool to ensure the security
of user-frontend communication. Widely utilized for utilizing and managing
SSL/TLS certificates, Certbot ensures the encryption and security of data
transmitted between the user’s browser and the front end. This aspect as-
sumes heightened significance when handling sensitive financial information
or user engagements. Using a reverse proxy configuration, the Nginx server
directed requests to the Next.js application operating on the virtual machine.
Obtaining an SSL certificate via Certbot added security by encrypting all
data between the user’s browser and the virtual machine.
Let’s discuss which part of this dashboard. The first thing is to discuss the
image below each box and its usage.

Let us discuss the first box. This box shows the live UTC. Because every
trader and financial analyst knows that the financial market works on UTC
at a standard time, this yellow color box shows the live time of UTC. In the

Al Real-Time Signal Machine

Fri, 09 Feb 2024 22:33:38 GMT

Figure 6.17: UTC Time
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next box, the live BTC price according to the Binance API of the live stream.
Why do we do this? The reason is that if you do not know the current price
of the BTC, how will you know whether the prediction is correct or not?
there is a small concept also present in this fig: the volume. It shows the
volume of traders coming into BTC cryptocurrency, according to Binance.

BTC/USDT

47350.00

Volume : 2.04

Figure 6.18: BTC LIVE PRICE WITH VOLUME

The figure below shows the prediction of the one-minute LGBM model
according to the timeframe of 1 Minute. There is a timer on the right side of
this box. This timer is synchronizing time. And when this timer is zero. The
next candle stick prediction comes to the screen. Like the upper figure, the

00:24
@

Figure 6.19: 1-Minute Prediction

other timeframes are working the same, and each has its own timer according
to the timeframe. FEach prediction changed according to their timeframes
based on UTC synchronized. °

(00:59)
O (7]

Prediction-5m Next-In: 02:58 Prediction-15m Next-In: 12:59
47153.45 (A 4721517 2

Figure 6.20: Different timeframes Predictions
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Chapter

Algorithmic Time Machine BOT

Ever since the early 2000s, algorithms have experienced a profound and
paradigm-shifting evolution within the financial sector, which has had a pro-
found impact on trading methodologies. Algorithms had achieved a signifi-
cant market presence by 2005, with a noteworthy 25% of the market being
occupied. In the twenty years that followed, their prevalence increased ex-
ponentially, culminating in an astounding 85% market share by the end of
the previous decade. In the realm of modern financial markets, algorithms
have evolved into essential instruments, facilitating the effortless navigation
of enormous quantities of data by means of sophisticated mathematical mod-
els and statistical analysis. This pervasive application transcends numerous
financial responsibilities, including risk management, comprehensive market
analysis, and trading decision-making.

An essential application of algorithms in the realm of financial markets is to
assist traders in the formulation of strategic decisions. By developing algo-
rithmic trading strategies, traders can mechanize transactions in accordance
with ever-changing market circumstances, including price volatility and the
progression of particular events. For example, an algorithm may initiate
a purchase order in response to breaking news incidents or when a stock
reaches a predetermined price. The rapid implementation of algorithmic
trading serves as evidence of its effectiveness, emphasizing its capacity to in-
fluence and mould contemporary market dynamics profoundly. Algorithmic
trading is predicated on mathematical models that underpin computer-based
strategies; this guarantees that trading decisions are objective and devoid of
emotional biases. Through the deliberate exclusion of visceral responses,
decision-making is reduced to a thorough examination of data, thereby fos-
tering a methodical and structured approach.

Nevertheless, this strategic advantage is full of corresponding expenses. En-
suring the continued efficacy of algorithmic trading requires a significant
financial commitment towards state-of-the-art technology, which in turn re-
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quires continuous maintenance, enhancements, and technological advance-
ments. The expenditures related to information access and market data
acquisition, in addition to transaction costs, collectively increase the overall
financial burden imposed by algorithmic trading strategies. Notwithstanding
these financial factors, the benefits of algorithmic trading are considered sub-
stantial, particularly in contrast to the inherent drawbacks associated with
irrational decision-making that traders frequently confront. With the ongo-
ing dynamic evolution of financial markets, algorithmic trading is positioned
to maintain its prominent and influential status. It offers a sophisticated and
data-driven method for navigating the intricacies of contemporary market en-
vironments. The ongoing enhancement and incorporation of algorithms into
financial systems highlights the lasting influence and flexibility of this revo-
lutionary technology in the domain of investment and trading. In previous
chapters, we already knew about the financial market and its core concepts.
In this chapter, we will discuss how algorithms work in the financial market
and how algorithmic trading provides benefits in the financial market. For
this, we already know in Chapters 1 and 2 that we have knowledge about
features, and in this chapter, these features are called indicators. We will
discuss in detail these features and how they are used in algorithmic bots.
Traders rely heavily on indicators because they provide them with indispens-
able instruments for assessing market dynamics and generating well-informed
judgements. Trend identification is a critical component in trading, wherein
traders rely on indicators such as moving averages to discern the general tra-
jectory of market prices. Furthermore, these metrics validate the robustness
of patterns, as illustrated by the MACD or RSI, enabling investors to assess
momentum and formulate strategic judgements regarding trade entry and
exit. Volatility indicators, including Bollinger Bands and ATR, serve the
purpose of quantifying market fluctuations and provide traders with guid-
ance regarding potential opportunities or phases of consolidation. Potential
reversal points are indicated by oscillators such as the RSI and stochastic
oscillator, which assist in identifying overbought or oversold conditions. In-
dicators produce entry and exit signals, and actionable insights are obtained
through the utilization of moving average crossovers and other techniques.
Indicators play a critical role in risk management by enabling the establish-
ment of stop-loss orders, which serve to restrict potential losses.
Additionally, a comprehensive trading strategy is enhanced by the capability
to tailor indicators to various timeframes and divergence analyses. Although
not without their limitations, indicators provide traders with methodical
frameworks for deciphering market data and navigating the intricate realm
of financial markets. Traders frequently formulate strategies that are in ac-
cordance with their trading preferences and objectives by utilizing a combi-
nation of indicators.
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Figure 7.1: Indicators

7.1 Indicators Used in Algorithmic Trading
Bot

Chapter 5 delves into an examination of the operational dynamics of our
state-of-the-art trading bot. Within this complex realm, careful integration
of critical indicators and features elevates the bot’s capacity for effective
decision-making. The strategic incorporation of these metrics is crucial, as it
provides our algorithm with the flexibility required to navigate the complex
environment of financial markets. The Relative Strength Index (RSI) is an
essential component of our bot’s repertoire, serving as a critical indicator of
market momentum. The oscillator, which is constructed using recent price
fluctuations as its basis, functions as a governing principle, aiding the algo-
rithm in detecting periods of market depletion or expansion. The algorithm
is guided by its insights to determine the most advantageous times to enter
and depart, avoiding overbought situations and capitalizing on opportunities
that arise in oversold conditions. When used in conjunction with the RSI, the
Moving Average Convergence Divergence (MACD) enhances the analytical
capabilities of our program. MACD provides nuanced insights into the inten-
sity of trends and possible reversals through the monitoring of convergence
and divergence for two moving averages. The provision of such detailed in-
formation enables the algorithm to dynamically adjust its strategies, thereby
ensuring that it maintains a favourable position to exploit changing mar-
ket conditions. The analytical capabilities of our algorithm are enhanced
even further by the exponential moving average (EMA), which smooths a
representation of recent price fluctuations. This functionality empowers the
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automaton to accurately detect and track trends, thereby cultivating an intri-
cate comprehension of market dynamics. Equipped with this comprehension,
our automated system adeptly reacts to fluctuations in sentiment and pricing
patterns, thereby guaranteeing a proactive stance towards market advance-
ments. The oscillator functionalities of Williams%R augment the level of
complexity incorporated into our bot’s strategy. Through the assessment of
overbought or depressed conditions, Williams%R aids in the identification of
prospective market turning points. By strategically utilizing this informa-
tion, our algorithm refines its approach to optimize transaction entry and
exit points, thereby improving the overall performance of the portfolio. Our
trading algorithm also utilizes stochastic oscillators to detect potential trend
reversals and Exponential Moving Averages (EMAs), which identify trends
and manage risk in addition to the indicators. The amalgamation of these
attributes results in an all-encompassing and dynamic algorithmic approach.
As our narrative progresses, we shall further explore the complexities inher-
ent in the algorithmic strategies employed by our trading machine. We shall
observe the astute integration of these indicators and characteristics into a
trading strategy that is both dynamic and adaptable to navigate the perpetu-
ally shifting market environment effectively. By adopting this deliberate and
strategic methodology, we not only demonstrate the technical prowess of our
algorithm but also emphasize its ability to withstand the intrinsic intricacies
of financial markets. Our trading algorithm will be put into practice in the
following chapters, utilizing this powerful amalgamation of indicators and
functionalities to carry out transactions, mitigate risk, and surpass industry
standards. Our forthcoming presentation will showcase the practical imple-
mentation of our bot’s mathematical capabilities. It will precisely, nimbly,
and strategically navigate the financial markets. Prepare for an enlightening
voyage.

These are the major features used in algorithmic bots for automation. Most
of the calculations based on these features are very essential for bots.

7.1.1 RSI

The Relative Strength Index (the RSI), which J. Welles Wilder originally
developed, is a critical momentum oscillator that is extensively utilized in
the financial sector to evaluate the magnitude and speed of price fluctua-
tions. Its scale, which spans from zero to one hundred, provides traders and
analysts with invaluable insights. In conventional wisdom, [181]an RSI value
exceeding 70 indicates conditions of overbought Ness, which may present
favourable circumstances for selling, whereas an RSI value falling below 30 in-
dicates conditions of overboldness, which may offer favourable circumstances
for purchasing. The versatility of the RSI framework in detecting future
trend reversals is enhanced by the fact that signal generation within it en-
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tails the identification of convergence and failure movements. In addition to
its traditional application, the RSI works as a dynamic instrument to inter-
pret more extensive market patterns.

Furthermore, this flexibility encompasses the capacity to modify conven-
tional overbought and overpriced thresholds (between 70 and 30) to corre-
spond with the distinctive attributes of a particular security more precisely.
Significantly,[182] the RST may exhibit prolonged lingering in overbought or
oversold regions during robust trends, serving as an indicator of the market’s
sustained strength or weakness. In addition to providing numerical insights,
the RSI frequently unveils chart patterns, including trendlines and double
peaks and bottoms, that may take time to be evident on the main price
data. By identifying levels of resistance or support on the RSI, its analytical
depth is further enhanced. The RSI fluctuates between 40 and 90 during a
rising trend or bullish market, with the 40-45 zone serving as support. In
a bear market or downtrend, the RSI fluctuates predominantly between 10
and 60, alongside resistance between 50 and 60. These ranges fluctuate in
accordance with RSI configurations and the fundamental momentum of the
security or market. The application of the RSI transcends the straightfor-
ward analysis of overbought and depressed conditions. The identification of
prospective reversals is facilitated by the identification of divergences that
arise between RSI readings and underlying prices. The occurrence of diver-
gence between fresh highs or lows and the RSI indicates the possibility of a
price reversal. Significantly, the predictive capabilities of the RSI are further
enhanced through the identification of Top Swinging Failures and Bottom
Swing Mistakes, which are distinguished by the RSI reaching lower highs or
higher lows after price movements in the other direction. The RSI calculation
formula is represented as:

RSI = 100 — [100 . (1 N ( Average of Upward Price Change )>] (71)

Average of Downward Price Change

Calculates the mean profits and losses during a designated time frame,
yielding a percentage that signifies the proportional magnitude of recent up-
ward and downward price fluctuations. The true profundity of this formula
is achieved via practical application and meaning, as illustrated most effec-
tively in Wilder’s book through real-world examples. Fundamentally, the
RSI is an adaptable and potent tool that provides intricate observations re-
garding trends, reversals, and chart configurations; as such, it is an essential
element of technical analysis of financial markets.

7.1.2 MACD

The Moving Average Convergence/Divergence (MACD), or MAC-D, re-
veals the relationship between the two Exponentially Moving Averages
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Figure 7.2: RSI

(EMASs)[183] that represent the price of a security. It is a powerful mo-
mentum indicator that follows trends. Subtracting the 12-period EMA from
the 26-period EMA yields the MACD line. Central to the MACD indica-
tor is this computation, which depicts the momentum characteristics of a
given security. A signal line is generated in conjunction with the MACD
line by superimposing the nine-day moving average (EMA) of the MACD
line onto the MACD display. Catalyzing purchase or sell orders|[184|, the
signal line influences traders’ decisions significantly. Traders who implement
the MACD frequently base their decisions on crossovers that occur between
the line of the MACD and the signal line. A bullish signal is generated
when the MACD line crosses above the signal line, indicating the presence
of prospective purchasing opportunities. On the contrary, a bearish signal
is generated when the line formed by the MACD crosses below the signal
line, suggesting possible opportunities for selling or entering short positions.
In the field of securities trading, well-informed decisions are predicated on

= P B

Figure 7.3: MACD

the constantly changing relationship between these two lines. MACD indica-
tors offer a plethora of interpretive opportunities, where the most prevalent
signals consist of crossovers, divergences, and rapid fluctuations. Signal-
line crossovers between the MACD line, as well as an MACD line, indicate
momentum shifts and possible trend reversals. Divergences are indicative
of a trend that is waning when the MACD and price exhibit contrasting
movement directions. The MACD line’s rapid ascents and descents serve to
emphasize abrupt shifts in momentum, providing traders with guidance on
detecting possible volatility or acceleration of trends. The MACD, through
the interaction of the MACD line or signal line, offers traders a comprehen-
sive instrument to evaluate the momentum and possible trend trajectories of
a given security. The versatility of this tool in analyzing crossovers, diver-
gences, and variations contributes to its efficacy in guiding trading decisions
in the ever-changing realm of financial markets.
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MACD = 12-Period EMA — 26-Period EMA (7.2)

7.1.3 EMA

A variant of the Moving Average (MA), the Exponential Moving Average
(EMA), gives more importance and urgency to recent price fluctuations than
the simple moving average (SMA), which gives an equal amount of weight to
every observation during the period. A crucial parameter in EMA calcula-
tions, the smoothing factor establishes the significance attributed to recent
observations; it is frequently configured to 2 to give precedence to the most
recent data. [185]|By augmenting the filtering factor, the impact of recent ob-
servations is magnified, thereby enhancing the responsiveness of the EMA.
The procedure of determining the EMA entails waiting until the designated
number of observations (e.g., twenty days) is accumulated, which is one more
than the SMA. Determining the SMA is a simple computation that requires
dividing the aggregate of closing prices during the designated period by the
total number of observations. The formula for the filtering multiplier of the
EMA is [2 <+ (number of observations + 1)|. As an illustration, the multiplier
of a 20-day moving average is |2/ (20+1)] = 0.0952.

EMA = Closing price x multiplier + EMA (previous day) x (1 — multiplier)

(7.3)
The significance of each data point is determined by this multiplier, which
gives greater weight to more recent prices than to older ones. EMAs are
adaptable; in place of closing prices, one may substitute open, high, low,
or median values. The 12-day and 26-day moving average EMAs serve as
foundational elements for technical analysis indicators such as the per cent
Price Oscillator (PPO) and the Moving Average of Convergence Divergence
(MACD). The Fifty day and two Hundred day moving averages are frequently
used to evaluate longer-term trends; a stock price breach of the 200-day mov-
ing average is regarded as an indication of a reversal. Technical analysis users
recognize the significance of moving averages but exercise prudence regarding
possible misinterpretations. Although moving averages (EMAs) function as
effective lagging indicators, their primary utility lies in confirming market
movements or quantifying the intensity of a trend. The opportune moment
can enter a market to pass before a moving average reflects a trend change.
By attributing greater significance to more recent data|186], EMAs partially
alleviate the latency effect, thereby yielding an indicator that is more respon-
sive and seamless. This is especially beneficial when EMAs are utilized to
generate trading entry signals. For exhaustive trend analysis, traders must
prioritize the examination of both the rate of change from one bar to the
next and the direction of the EMA line. EMAs are potent instruments for
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technical analysis, providing adaptability and promptness in identifying mar-
ket trends. Traders can better employ EMAs, particularly in markets that
are trending, by comprehending the intricacies of EMA computations and
deciphering their ramifications for market dynamics.

EMA1oday = (Valueryqay % (1 + DaysSmoothing))+EMA vyesterday X (1 — (1 + DaysSmoothing))
(7.4)

7.1.4 William % R

The Williams Percent Range, or Williams%R, is an influential momentum
indicator utilized in financial markets to provide valuable insights into sit-
uations characterized by overbought and oversold conditions. This metric,
devised by Larry Williams, spans a value from 0 to -100 and serves as an
indicator to evaluate the present value of a security in relation to its highest-
to-lowest range during a designated time frame, typically fourteen days. For
the calculation, the highest and lowest prices for each of the fourteen periods
are recorded, with particular attention paid to the current price, the highest
price, as well as the lowest price in the fourteenth and subsequent periods.
Williams%R indicates overbought conditions when it fluctuates between -0.0
and -1.0, suggesting that the price is approaching the peak of its most recent
range. On the contrary, an indicator value ranging from -80 to -100 indicates
oversold conditions, wherein the price is significantly below its most recent
peak. Its operation and implementation are identical to those of the stochas-
tic oscillator. Traders utilize William%R to determine possible entry and
departure positions in the market. It can be significant to observe the indi-
cator declining below -80 during an uptrend. A subsequent increase in price,
with the indicator re-crossing above -80, could potentially indicate that the
uptrend has resumed. On the contrary, during a downtrend, traders closely
observe the indicator as it ascends above -20, anticipating a price decline
accompanied by the Williams%R retracing below -20, which would signify a
possible extension of the downtrend. Additionally, momentum failures can
be measured with Williams%R. An indicator of a strong uptrend generally
attains a value of -20 or greater. If the indicator descends without regaining
-20 prior to a subsequent decline, it could indicate that the upward momen-
tum of prices is encountering difficulties, which could potentially result in a
more significant decrease in price. Like a downtrend, it is not uncommon
to observe readings of -80 or less. It may portend an impending price in-
crease if the price chart fails to ascend from these low levels prior to doing
so. It is crucial to acknowledge that indications of overbought and oversold
conditions do not necessarily portend a reversal; conversely, overbought con-
ditions may validate an uptrend, which is consistent with the notion that a
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Figure 7.4: William % R

strong upward price movement frequently propels prices to or beyond pre-
vious peaks. Even with its practicality, the Williams%R may subject one
to spurious signals and an overemphasis on the previous 14 periods. Over
time, traders should consider possible differences in indicator movements and
real price changes. In essence, Williams%R serves as a versatile instrument
for traders, aiding them in the navigation of market conditions through the
identification of overbought and oversold conditions and the prediction of
possible price momentum shifts.

Highest High — close

Willi R =
illiams % Highest High — Lowest Low

(7.5)

Where "Highest High" denotes the price at which the item peaked during
the lookback period, which is usually fourteen days.
The most recent closing price is denoted by close.

Lowest Low = Price at which a lookback period, usually fourteen days, con-
cluded.

7.1.5 CCI

The Commodity Channel Index (CCI), which Donald Lambert devised, is
an oscillator based on momentum that is employed to evaluate whether an
investment vehicle has entered an excessively bought or sold state. By an-
alyzing the intensity and direction of price trends, this technical indicator
equips traders with the knowledge necessary to make well-informed decisions
concerning trade entries, exits, or modifications to current positions. Typ-
ically, twenty periods are analyzed by the CCI to monitor the peak, low,
and close prices. The average price and moving average (MA) of these av-
erage prices are subsequently computed, and the mean deviation is then
determined. The CCI reading that is obtained serves as a dynamic instru-
ment utilized to identify trends, overbought or oversold conditions, and trend
weaknesses by analyzing price divergences. A transition of the CCI from low
or near-zero values to values above 100 may indicate the beginning of an
uptrend; traders should be on the lookout for a price pullback that follows a
rally, which would indicate an advantageous time to purchase.

On the contrary, during the onset of a downtrend, a transition in positive
or near-zero measurements to values below -100 indicates the possibility of
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a downtrend starting. This causes traders to contemplate selling long po-
sitions or investigating opportunities for shorting. The levels of overbought
and oversold conditions are not fixed, as the CCI is unbound. Traders uti-
lize prior readings to estimate reversal points, which can differ across assets.
Additionally, divergences are identified by the CCI when price movement
contradicts the indicator. For example, a rising price accompanied by a
falling CCI could indicate a deterioration in the trend. Despite not being
a highly significant trade signal, divergence functions as an alert to traders,
compelling them to increase stop-loss thresholds or abstain from initiating
new positions in the direction of the current trend. To summarize, the CCI
functions as a highly beneficial instrument for traders, furnishing real-time
evaluations of price movements, overbought and oversold illnesses and trend
vulnerabilities that yield insightful observations of market conditions and
prospective trading prospects. !

_ Typical Price — MA
~.015 x Mean Deviation

CCI

(7.6)

P
Typical Price = > ((High + Low + Close) = 3)
i=1
P = Number of periods
MA = Moving Average

P
Moving Average = (Y, Typical Price) +~ P
=1

ZP:
Mean Deviation = ) (|Typical Price — MA|) = P
i=1

7.1.6 Chande Momentum Oscillator

Established by Tushar Chande in 1994, the Chande Momentum Oscillator
is a highly esteemed technical indicator utilized extensively in the field of
market analysis. The metric performs an essential role in assessing mar-
ket momentum through the computation of the differential between recent
gains and losses over a specified time period, denoted as N periods. The
Chande Momentum Oscillator, in contrast to the stochastic oscillator and
Wilder’s Relative Strength Index (RSI), does not employ averaging on its
outputs. This attribute renders it more susceptible to frequent oscillations,
thereby providing traders with a more discerning outlook on both bullish
and bearish price fluctuations. The Chande Momentum Oscillator, which
has an operational range of +100 to -100, offers traders a numerical depic-
tion of the dominant momentum. This information assists them in discerning
potential instances of overbought or oversold conditions within the market.

Thttps:/ /www.investopedia.com
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When the oscillator exceeds +100, it signifies strong upward momentum,
which may suggest an overbought situation. A reading below -100, on the
other hand, could indicate a substantial downward momentum and indicate a
possible oversold condition. Traders frequently interpret these extraordinary
readings as indicators of possible market sentiment shifts or reversals. The
Chande Momentum Oscillator provides traders with a dynamic instrument
for assessing the magnitude and trajectory of market momentum. This infor-
mation is of significant value as it has the potential to impact their trading
choices. Having a straightforward numerical representation and sensitivity to
short-term price fluctuations, it is an adaptable and readily available element
of technical analysis in the financial markets.

H —sL
Chande Momentum Oscillator = ~—— "~ x 100 (7.7)
sH + sL

Where:
sH = the sum of N periods’ worth of higher closes
sl = the aggregate of N periods’ lower closures

7.1.7 Stochastic

2 Since its inception by George Lane in the late 1950s, the Stochastic Oscilla-
tor has emerged as a standard momentum indicator in technical analysis. By
examining the position of a stock’s closing price in relation to its high and low
prices over a designated time, usually 14 days, this oscillator provides valu-
able information. Lane underscores the notion that the Stochastic Oscillator
emphasizes the velocity or momentum of price fluctuations rather than solely
monitoring price or volume. Its objective is to predict shifts in the trajectory
of a stock’s price, thereby establishing itself as a valuable instrument for de-
tecting possible reversals. The range-limited characteristics of the stochastic
oscillator are evident, as it perpetually vervains between 0 and 100. This
attribute makes it exceptionally practical for identifying instances of exces-
sive buying and selling in the market. Readings above 80 have historically
indicated overbought conditions, whereas readings below 20 have indicated
oversold conditions. Nonetheless, it is imperative to acknowledge that robust
trends may sustain protracted periods of these conditions. Traders ought to
be vigilant regarding fluctuations in the oscillator to obtain valuable insights
regarding possible alterations in the dynamics of trends. When graphing the
Stochastic Oscillator, it is customary to have two lines present: one that sig-
nifies the oscillator’s true value for every session and the other that illustrates
its three-day simple moving average. A potential reversal signal is formed at
the intersection of these lines, which signifies a substantial change in momen-
tum. In addition, price action divergence relative to the Stochastic Oscillator

2https://www.investopedia.com
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is considered a significant reversal signal. The notions of %K and %D are
introduced in The Stochastic Oscillator, with %K being frequently denoted
as the rapid stochastic indicator. The "slow" stochastic indicator, denoted
as %D, smoothest the internal dynamics by incorporating a 3-period mov-
ing average of %K. Transaction signals are generated when the three-period
moving average, denoted as %D, is traversed by %K. An integral distinction
can be made between the slow and rapid stochastic oscillators due to the in-
clusion of a lowering period in percent K, which regulates internal smoothing.
In essence, the Stochastic Oscillator offers traders a multifunctional instru-
ment for assessing momentum, predicting possible reversals, and navigating
conditions of overbought and oversold markets. By analyzing intersections,
divergences, and the correlation between %K and %D, traders are provided
with insightful information that enables them to make well-informed trading
decisions.
(C — L14)

Here
C represents the latest closing price.
L14 = the price at which trading commenced fourteen sessions prior.
H14 represents the 14-day high price traded, while %K denotes the present
value of the stochastic indicator.

7.1.8 Stochastic RSI

An indicator of technical analysis, the Stochastic RSI (StochRSI) applies
the same principles as the Stochastic oscillator but to the relative strength
index (RSI). The StochRSI, which ranges from zero to one or, on specific
platforms, from zero to one hundred, utilizes a collection of RSI values cal-
culated using the stochastic oscillator formula in lieu of conventional price
data. This methodology offers traders valuable insights regarding whether
the present RSI value signifies an overbought or oversold market condition.
The StochRSI, which Tushar S. Chande and Stanley Kroll devised, excels in
sensitivity and signal generation in comparison to conventional indicators.
As a result, it provides a customized evaluation of the past performance of a
particular security. RSI levels are recorded over a specified period, typically
fourteen, and subsequently utilized in the StochRSI formula for the compu-
tation. When the value of the StochRSI falls below 0.20, it indicates that
the security is oversold and may experience an upward trend.

Conversely, a reading above 0.80 indicates that the security may be over-
bought and may experience a pullback. Moreover, when considered within
the framework of an oscillator featuring a centerline at 0.50, the StochRSI can
be utilized to discern transient patterns. Values greater than 0.50 may be in-
dicative of a positive trend, whereas values less than 0.50 indicate a negative



CHAPTER 7. ALGORITHMIC TIME MACHINE BOT 191

trend. To optimize its efficacy, it is recommended to employ the StochRSI
in conjunction with additional technical indicators or chart patterns, owing
to its tendency to produce a substantial quantity of signals. Non-momentum
oscillators, including the accumulation distribution line, have the potential
to supplement the StochRSI by offering an alternative set of insights. A valu-
able instrument for traders seeking a nuanced comprehension of a security’s
momentum and possible trend reversals, the StochRSI is characterized by its
versatility.

max|RSI| — min|RSI]

StochRST = RSI — min|RSI]

(7.9)

Where:

RSI = Present RSI reading minimum |RSI] = Lowest RSI reading in the
previous fourteen periods (or the lookback interval of your choosing)
Maximum RSI value from the previous 14 periods (or your preferred lookback
interval)

7.1.9 MFI

The Money Flow Index (MFI) is a technical oscillator specifically engineered
to detect divergences that may signify upcoming price trend changes in an
asset and identify overbought or oversold signals. In contrast to conventional
oscillators like the Relative Strength Index (RSI), the MFI is distinguished
by its amalgamation of price and volume data, which gives it the nickname
"volume-weighted RSI." The process entails ascertaining the average price
for each of the previous fourteen periods, classifying the average price as ei-
ther higher or lower than the previous period, and subsequently multiplying
the average price by the corresponding volume to compute raw money flow.
To calculate the Money Flow Ratio, add the positive money flows from the
previous 14 periods and divide by the negative money flows. The ratio is
utilized in the computation of the Money Flow Index (MFT), a variable that
varies from 0 to 100. One notable utilization of the MFT is in the detection
of divergences, which occur when the oscillator deviates from the prevailing
price trend and provides indications of possible reversals. For example, a
potential downside reversal is indicated by a high MFI falling below 80 as
the security continues to rise, whereas a potential upside reversal is suggested
by a low MFTI rising above 20 during a security sell-off. Traders also identify
greater divergences by analyzing price and MFI waves in succession. The
price reaching consecutive peaks while the MFI registers troughs of lower
magnitudes could portend a downturn. Overbought and oversold conditions
(above 90 and below 10, respectively) indicate possible trading opportuni-
ties. For instance, an MFT falling below ten could indicate an opportunity
for long trade, whereas a move above 90 could indicate a possibility for short
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trade. Furthermore, fluctuations in the proximity of overbought or over-
sold conditions can furnish traders with valuable indications of impending
trend reversals, enabling them to formulate well-informed judgments amidst
a multitude of market circumstances.

Money Flow Index = 100 — 100 (7.10)

1+ Money Flow Ratio

14 Period Positive Money Flow
14 Period Negative Money Flow

Money Flow Ratio = (7.11)

High + Low + Close
3

Typical Price = (7.12)

7.1.10 True Strength Index

A technical momentum oscillator, the True Strength Index (TSI) detects
price divergence, overbought and oversold conditions, trends, and prospec-
tive reversals in an asset. To determine the TSI, exponential moving averages
(EMAs) are computed for both absolute and price variations. After obtain-
ing the double-smoothed EMAs, the TSI value is computed using them. The
principal functions of this indicator are to detect overbought and oversold
conditions, to emphasize short-term momentum via signal line crossovers,
and to identify trend changes via centerline crossovers. Overbought and
oversold conditions on the TSI are dependent on the asset being analyzed;
therefore, traders must annotate extreme TSI levels that are particular to
that asset. Buy or sell decisions are not invariably prompted by overbought
or oversold readings in isolation. Traders generally observe additional indi-
cators, such as a decline in price or the TSI, before acting on these factors.
Although signal line crossovers are frequent, they must be implemented in
conjunction with other TSI signals. They are produced when the TSI line
crosses the signal line. For example, when the TSI is situated above the cen-
terline, purchase signals may exhibit greater reliability, whereas sell signals
might be preferred in overbought conditions. Another signal generated by
the TSI is that centerline crossovers indicate positive momentum when the
point is above zero and negative momentum when it is below zero. To direc-
tional bias, traders may consider entering long positions when the indicator
is above the centerline and short positions when it falls below.

Divergence and breakouts are supplementary instruments furnished by the
TSI. The TSI’s support and resistance levels can serve as indicators for break-
outs and changes in price momentum. Divergence, which occurs when the
price and TSI exhibit contrasting movements, could potentially signify a re-
versal. However, divergence should be utilized in conjunction with other TSI
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signals or technical indicators, as it is regarded as an unreliable timing signal.
Notwithstanding its practicality, the TSI possesses certain constraints. It is
not uncommon for false signals to occur, whereby the trajectory of the indi-
cator may alter without an accompanying change in price. Frequent signal
line crossovers require further filtration to ensure the reliability of trading
decisions. Divergence may also exhibit unreliability, persisting for extended
durations while failing to forecast tangible reversals. Traders should exercise
prudence and supplement TSI signals with additional analytics to adopt a
more comprehensive stance.

TSI = (PCDS/APCDS) x 100 (7.13)

pPC = CCP — PCP

PCS = 25— period EMAof PC
PCDS = 13 —period EMA of PCS
APC = AVCCP — PCP

APCS = 25 —period EMAof APC
APCDS = 13 —period EMA of APCS
where :

PCDS = PC double smoothed
APCDS = Absolute PC double smoothed
PC = Price change

CCP = Current close price

PCP = Prior close price

PCS = PC smoothed

EMA = FExponential moving average
APC = Absolute PC

APCS = Absolute PC smoothed

(7.14)

7.1.11 Ultimate Oscillator

The Ultimate Oscillator, a distinctive technical indicator created by Larry
Williams in 1976, is utilized to assess price momentum across various peri-
ods. The Ultimate Oscillator, in contrast to other oscillators that depend
on a solitary timeframe, employs a weighted average of three timeframes to
furnish an indicator that is both more dependable and less susceptible to
volatility. The implementation of a multi-timeframe architecture in the os-
cillator mitigates the occurrence of spurious divergences, which is a prevalent
concern with timeframe-only indicators. In order to calculate the indicator,
Buying Pressure (BP) and True Range (TR) for each period are determined,
BP and TR Sums are computed over those periods, and averages are cal-
culated for periods 7, 14, and 28. The Ultimate Oscillator, which exhibits
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a value range of 0 to 100, shares similarities with the Relative Strength In-
dex (RSI) in that it detects overbought conditions exceeding 70 and oversold
conditions falling below 30.

Larry Williams developed the Ultimate Oscillator as a solution to the preva-
lent issue of spurious divergences observed in alternative oscillators. These
deceptive divergences are produced by misaligned price and oscillator read-
ings, which result from price spikes followed by oscillator declines. Therefore,
erroneous signals are generated. In order to generate buy signals, Williams
proposed a three-step process: first, a bullish divergence must occur, wherein
the price attains a lower low than the indicator registers a higher low; second,
the initial low in the divergence must be below 30, which signifies an over-
sold condition; and third, a potential upside reversal must be indicated by
the Ultimate Oscillator as it ascends above the divergence high. In contrast,
sell signals are characterized by a bearish divergence, in which the price
reaches a peak while the indicator demonstrates a trough. A divergence
must exhibit a first high exceeding 70 to signify overbought conditions, while
the Ultimate Oscillator must descend below the divergence low to indicate
the possibility of a downside reversal. By leveraging the distinctive multi-
timeframe attributes of the Ultimate Oscillator, this tripartite approach em-
powers traders to render well-informed judgments, thereby augmenting the
discerning comprehension of momentum and diminishing the probability of
erroneous signals. 3

A7 X 4) + (A14 X 2) + AQS]

~
vo = 4+2+1

x 100 (7.15)

3https://www.investopedia.com
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where:

UO = Ultimate Oscillator

A = Average

Buying Pressure (BP) = Close — Min(Low,PC)

PC = Prior Close

True Range (TR) = Max(High,Prior Close) — True Range (TR) = Min(Low,Prior Close)
s BP

Average, = =
Y TR

p=1
14

p=1

14
S TR
1

Average,, =

Average,s = 55

(7.16)
Certainly indeed! While I have extensively examined several technical indica-
tors, it is crucial to acknowledge that the development of trading algorithms
employs a vast array of indicators. An indicator functions for a distinct objec-
tive when it comes to the examination of price fluctuations, market trends,
and overall conditions. When utilized in conjunction, these indicators en-
hance the overall analysis of market conditions, enabling trading algorithms
to generate well-informed decisions by considering diverse technical facets of
price fluctuations and trends. Every indicator possesses unique advantages
and disadvantages, and their efficacy is frequently contingent upon market
conditions and the trading approach implemented.

7.1.12 Fisher Transform

Established by John F. Ehlers, the Fisher Transform Indicator is a highly
effective instrument in the field of technical analysis, distinguished for
its capability of transforming prices into a Gaussian normal distribution.
This conversion facilitates the detection of possible pivotal moments in
asset valuations through the prioritization of outliers determined by recent
price fluctuations. To determine the indicator’s distinctive methodology, a
lookback period, usually consisting of nine periods, is chosen, and complex
calculations are executed on the prices observed during this period. The
values obtained, which fall within the range of -1 to +1, are subsequently
subjected to a sequence of mathematical operations, which includes multi-
plication by the natural logarithm, in order to produce the Fisher Transform
values. The principal aim of this indicator is to generate a Gaussian normal
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distribution, which deviates from the conventional market price distribution.
This indicator was devised by the eminent trader and engineer John F.
Ehlers to overcome the difficulties associated with non-normally distributed
data, including market prices. The Fisher Transform effectively emphasizes
infrequent peak movements, thereby enabling a more precise detection of
prospective price reversals depicted on a chart. When employing the Fisher
Transform Indicator, traders generally pursue leading signals as opposed
to lagging ones to comprehend asset price fluctuations and current market
conditions. The Fisher Transform’s unbounded characteristics suggest that
extreme values may endure for a prolonged duration. These extremes,
which frequently differ across various assets, function as critical indicators
of possible reversals in price trends. A high value, such as seven or eight,
or a low value, such as -4, is interpreted considering the historical data of
the asset. In order to effectively implement the Fisher Transform Indicator
in trading, professionals frequently seek out extreme readings that indicate
the possibility of a reversal. This reversal is officially confirmed when
the indicator undergoes a direction change. For example, a decline in the
indicator after its peak value may indicate a forthcoming reduction in price.
Furthermore, it is common for the Fisher Transform Indicator to include
a signal line, which is commonly a moving average of the value of the
indicator. Traders frequently employ the intersection of the indicator and
its trigger line as a trade signal, which serves to improve the process of
determining whether to enter or exit positions. Notwithstanding its efficacy,
traders exercise prudence when employing the Fisher Transform Indicator
on account of the innumerable signals it produces. A considerable number
of traders favour combining this indicator with trend analysis and selec-
tively employing it to generate buy and sell signals across various market
conditions. For example, the indicator can serve as a guide for purchasing
decisions during an uptrend and a valuable tool for identifying opportune
points to cover positions and short-selling signals during a downtrend.

The following features are used in our algorithmic bot. There are many
other features (indicators) used in our algorithmic trading bot. The algorith-
mic trading bot is discussed in detail below. The development and imple-
mentation of our algorithmic trading, as well as the working of algorithmic
trading, will be discussed.

7.2 Algorithmic Trading Bot

The trading algorithm functions by utilizing a strategic framework that is
constructed by aggregating the computations of various indicators. The in-
dicators, each fulfilling a unique function, such as evaluating volatility or
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ascertaining the direction of trends, synergistically enhance the bot’s all-
encompassing market analysis. The strategy of the algorithm, which is com-
prised of a collection of principles derived from these indicator-based insights,
is fundamental to its operation. A purchase signal may be generated by the
algorithm, for instance, during periods of high volatility and an uptrend.
The bot’s functionality is fundamentally dependent on continuous learning
as it iteratively adjusts its approach in response to updated market data
and ongoing indicator computations. The implementation of risk manage-
ment principles, such as stop-loss orders and position size determination, is
incorporated into the strategy to mitigate potential losses. Automation is
a fundamental characteristic that empowers the bot to independently im-
plement transactions and promptly adapt to market fluctuations without
relying on irrational judgment. Prior to implementing the algorithm into
production, developers perform comprehensive backtesting and optimization
to verify its efficacy across various market conditions. The signal represented

Figure 7.5: CandleStick Chart of Bot

by the cyan colour in the output of the algorithm is of the utmost importance
in directing traders through the intricacies of market trends. The discernible
hue of teal signifies a favourable trajectory, thereby signifying a market-wide
optimistic sentiment. Nevertheless, teal distinguishes itself through its sub-
tlety; it implies the existence of a bullish trend that, although present, may
not be as strong or dominant as alternative bullish signals that are more
conspicuous. Traders attempting to decipher the significance of the teal hue
should proceed with prudence, as it signifies that the favourable forces of the
market are operational, albeit potentially weaker than those associated with
more prevailing trends. The colour teal, which is utilized in the bot’s output,
encourages traders to approach the opportunities presented with a measured
sense of optimism. This promotes the adoption of a strategic methodology,
compelling participants in the market to further examine supplementary in-
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dicators and market factors to verify and strengthen their trading judgments.
The nuanced hue of teal serves to underscore the significance of conducting a
thorough evaluation, instructing traders against depending exclusively on a
solitary indicator and instead advocating for a holistic assessment of market
conditions. Within the expansive realm of financial markets, the teal signal
serves as a navigational aid, providing valuable indications of prospective
price increases. This visual cue encourages traders to investigate the poten-

AND . . .
Reference & Divergence Line IS MARRON

AND Current CandleStick is WHITE

THEN Signal is BUY

AND Reference & Divergence Line is -

AND Current CandleStick is WHITE

Time Machine Bot Algorithm

Figure 7.6: Step By Step Time Machine Bot

tial for bullish outcomes while maintaining an eye out for the subtleties that
distinguish it from more reliable bullish signals. Like a dynamic terrain, the
market necessitates traders to adjust accordingly. In this regard, teal plays
a crucial role in elucidating the complex interplay between vendors and pur-
chasers. Traders are reminded of the multifaceted nature of trends through
the teal hue in the bot’s output as they navigate the dynamic nature of fi-
nancial markets. This inquiry stimulates an examination of the diverse levels
of optimistic sentiment, in which the colour teal signifies a moderate propen-
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sity for favourable market dynamics. This nuanced methodology is consistent
with the dynamic characteristics of financial markets, which recognize that
the intensity of trends can vary over time.

L1177 7777 7777777 77777777777777777777777777
buyCondition = oscLineColor[8] == PINK and oscLineColor[7]
== PINK and oscLineColor[6] == PINK and
oscLineColor[5] == PINK and oscLineColor[4] == PINK
and oscLineColor[3] == PINK and osclLineColor[2] == PINK
and oscLineColor[1l] == PINK and
oscLineColor [0]==MAROON and barColor[0] == WHITE
and barColor[1]==PINK

sellCondition = oscLineColor[2]==LIME

and oscLineColor[l] ==LIME and
oscLineColor[0]== TEAL
and barColor[0] == WHITE and barColor[l]==LIME

NN,

if buyCondition
entry_price:=close
strategy.entry ("Buy", strategy.long)
entryLine:=line.new(bar_index,entry_price,bar_ index,
entry_price,color=color.yellow)
entryLabel := label.new(bar_index,entry_price,
text="BP : "+
str.tostring(entry_price, format.mintick),
color=color.yellow,style =
label.style_label_left,size=size.small)

if sellCondition
entry_price:=close
strategy.entry ("Sell", strategy.short)

The incorporation of reference lines and divergence lines into our bot’s
analysis provides an additional level of complexity, enabling traders to further
examine the complexities of market trends. The notion is predicated on the
intricate interplay between these lines and the hues of candles, which estab-
lishes an all-encompassing structure for the process of making decisions. A
crucial component of our bot’s arsenal, the divergence line illustrates the dy-
namic correlation between indicators and price fluctuations. Upon thorough
examination, this line offers crucial insights regarding the potential for trend
reversals or the robustness of current trends. Traders utilize its color, which
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is reminiscent of maroon, pink, or citrus candles, as a visual indicator to de-
cipher market sentiment. A further extension of the divergence line from the
reference line, regardless of whether it is pointing bullishly or bearishly, in-
dicates the robustness and durability of the dominant trend. The conviction
that drives market movements is strengthened by a greater distance, which
serves as a quantitative indicator of the robustness of trends. This function-
ality provides traders with a valuable instrument to assess the strength and
direction of the market trend. The dynamic tango between the reference line
and divergence line reflects the perpetual fluctuations that occur in market
dynamics. When these lines intersect or cross, they transmit vital indications
of possible shifts in the trend. As these crossover instances signify critical
junctures where the market narrative may transform, traders closely monitor
them. Traders are compelled to reevaluate their strategies and positions at
this juncture, recognizing the dynamic characteristics of market trends. The

Figure 7.7: Divergence and Reference Line

integration of line and candle colour synchronization further enhances the
sophistication of the analysis performed by our algorithm. Candles coloured
lime correspond to a pronounced bullish sentiment, candles coloured maroon
indicate a bearish tone and candles coloured pink emphasize a particularly
robust bearish trend. The alignment described above improves the legibil-
ity of signals, thereby establishing a visual language that enables traders
to comprehend and make decisions promptly. The fundamental function of
the distance between the reference line and the divergence line is to provide
traders with a quantitative assessment of market momentum by functioning
as a dynamic indicator of trend strength. The crossing of these lines serves
as an indicator of possible changes in trend, compelling traders to modify
their approaches correspondingly. By incorporating candle colours into this
framework, the analysis is enhanced, and a more comprehensive perception of
market sentiment is achieved. Traders utilize our bot’s cutting-edge method-
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ology, which integrates reference lines, divergence lines, and candle hues, to
navigate the intricate realm of financial markets effectively. This enables
them to make informed trading decisions amidst the constantly changing
price environment.
The code provided contains a purchase condition which specifies a collection
of logical criteria that instruct the algorithmic trading program on when to
produce a buy signal. This stipulation conducts a thorough analysis of the
colour patterns exhibited by the reference line and divergence line (previ-
ously known as oscLineColor), as well as the candlestick colours (previously
referred to as barColor), throughout various periods in history. The specific
emphasis is on the final nine periods (numbered from 0 to 8) of the diver-
gence line.

In each of these periods, a uniform PINK colour is expected, except for the

sighamabitan publithed on TradingView.com, fat 11, 3024

Buy Condition Meet

Figure 7.8: Buy Condition

most recent period (index 0), which should be rendered in MAROON. Fur-
thermore, in accordance with the condition, the present candlestick (index
0) must be WHITE in colour, whereas the preceding candlestick (index 1)
must be PINK in colour. The combination of these rigorous criteria estab-
lishes the prerequisites for recognizing a prospective purchasing opportunity.
On the other hand, the sell condition comprises an additional set of logical
criteria that are intended to initiate a sell signal by analyzing discernible
patterns in the colours of the candlesticks, the reference line, and the diver-
gence line. Analogous to the buy condition, it evaluates the colour patterns
of historical candlesticks (previously known as barColor) and the divergence
line and reference line (previously referred to as oscLineColor). It assesses
the final three intervals (numbered from zero to two) of the divergence line
and requires a uniform LIME colour throughout each of these intervals. Ad-
ditionally, the condition mandates that the preceding candlestick (index 1)
be coloured LIME and the present candlestick (index 0) be coloured WHITE.
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Figure 7.9: Buy Conditions

r-_ _

Sall Condition Meet

Figure 7.10: Sell Condition
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The algorithmic logic that directs the bot’s decision-making process to ini-
tiate buy or sell actions in accordance with its predefined trading strategy
is comprised of these conditions. The major and most important part is to
test the bot strategy. This is done through the concept called backtest. For
the backtest, we use the Trading View platform. The accuracy and results
are shown below.

Crypto Pairs Screener ~  Pine Editor  Strategy Tester  Trading Panel

osicilator @ 1} Deep Backtesting

Performance Summary  List of Trades  Properties

ot Total Closed Trades Percent Profitable Profit Factor MaxDrawdown | AvgTrade Avg
4.98 USDT -0.6 427 64.64 0.779 9 480.66 USDT 0.95 ~14.11 USDT -0.03; 7

100.00 =M b=l

Equity Drawdown 0llo Buy & hold equity /" Absolute  Percentage

Figure 7.11: BackTest

How it works

Trading View functions as the central command hub for our algorithmic trad-
ing program, realizing the complexities of our trading strategy. While our
algorithm continuously monitors the markets, particular circumstances serve
as impetuses for strategic determinations. The purchase or sell criteria serve
as the critical factors that determine whether to initiate our trading strategy.
Upon discerning a favourable occasion through its computations and prede-
termined criteria, the algorithm initiates a notification within the Trading
View interface. The alerts are crucial in guiding the trader’s interaction with
the market. As soon as the algorithm identifies favourable conditions that
could lead to a buy signal, an alert is generated in a timely manner to notify
traders of possible entry points for long positions. In contrast, another alert
is generated when the algorithm detects conditions that are suggestive of
a sell signal. This serves to direct traders towards the most advantageous
exit points or opportunities for short selling. The true worth of these noti-
fications resides in their promptness and pertinence. These alerts function
as immediate notifications, slicing through the complexity of the market and
providing the trader with practical insights. Trading View notifications serve
as a conduit connecting the automated analyses performed by the algorithm
with the strategic decision-making of the trader.
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Figure 7.12: Order Triggered
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Figure 7.13: JSON Payload Data
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The JSON sent from the front end has much information about the order,

for example, order type, order price, and much other information for the
fulfilment of the orders.

{

"per cent":"3",
"passphrase": "abcdefgh",
"time": "{{timenow}}",
"Exchange": "{{exchange}}",
"ticker": "{{ticker}}",
"strategy": {

"order_action":

"{{strategy.order.action}}",
"order_price":

"{{strategy.order.price}}"

This uninterrupted flow of information empowers traders to remain well-

informed, exploit market prospects, and manoeuvre through the ever-

changing environment with assurance and accuracy. Central to the oper-

Time Machine Bot Architechture

Trade Signal
ﬁ -— v
Buy / Sell - G

Feature Engineering

retn Alert Signal
Algorithmic Strategy
Receive payload
< ) e__ JSON Data
json
Azure Cloud
e
® o - o
* Transfer paylaod data to webhook
o
o s for process the order
( J & »
[
Knowledge Graph ’5\ ApiKey and Secret Key E
Order place Request
webHook

Exchanges

Figure 7.14: Architecture of Time Machine Bot

ational architecture of our algorithm is the smooth incorporation of Trading
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View alerts into the ever-evolving functionalities of the Binance exchange.
The seamless integration of data and execution is enabled by the secret key,
Binance’s API, and Flask, all of which are integral components in guaran-
teeing a dependable and protected trading environment. Flask, a nimble yet
robust web framework, serves as the pivotal element, enabling the develop-
ment of a responsive API. By means of this API, Trading View’s signals
are transmitted to Binance and subsequently converted into executable com-
mands. Upon the activation of a trading signal on Trading View, a JSON
data payload that has been carefully organized and structured is promptly
transmitted to our Flask API. The payload functions as an all-encompassing
transmission containing critical information, including the nature of the or-
der (buy or sell), the designated execution price, and the trading pair in
question. This is the request received from the alert of the trading View.
Whenever the order conditions are met, a request with data is sent to the
bot, and the bot fulfils the order using a library called Python Binance.

Developed with optimal performance in mind, the Flask API efficiently
processes the incoming JSON data, extracting crucial information required
to interpret the intricacies of the trading signal. The order type serves as
the foundational criterion that dictates the subsequent course of action on
Binance. The Flask API manages the execution of various trading strategies,
including market buy and sell transactions, limit orders at specific prices, and
the implementation of complex trading strategies. It effectively converts the
signal into Binance orders that are both coherent and executable.

WEBHOOK_PASSPHRASE = "abcdefgh"
API_KEY = " j9T5c7dSTQVgeCiHrEkIxhU20RW1U%aLlpag803pKxcuofrIn
PCNIKzbtA993Yb19’
API_SECRET = ’'R5uPpGHKQocfcW4xu34jLHy08H6FrxeBipskSvH2K8ntRL
G6QrmIsKHal7af0GWN’

Nonetheless, security and integrity are of the utmost importance during this
procedure; Binance ’s API and secret key serve this purpose. By acting as
the authenticated gateway, the API key provides secure access to Binance’s
trading functionalities. Concurrently, the secret key guarantees the preserva-
tion of communication integrity and confidentiality between our Flask API
and the Binance exchange. By preventing unauthorized access, this compre-
hensive security mechanism fortifies the entirety of the transactional process
against potential financial transaction risks. Fundamentally, the collabora-
tion among Binance’s API, Flask, and the secret key not only enables the
smooth implementation of trading strategies but also guarantees a reliable
and secure infrastructure for cryptocurrency trading. This integration pro-
vides traders with an advanced set of tools, utilizing technology to effectively
and precisely navigate the constantly changing cryptocurrency markets.
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Time Machine BOT Performance
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Figure 7.15:
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Time Machine BOT Results
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import Jjson

from flask import Flask, request, Jjsonify, render_template

from binance import Client

from binance.enums import =

from binance.helpers import round_step_size

import math

import time

import config

app = Flask(__name_ )

def Buy(ticker,order_price):
print (ticker)
balance= client.get_asset_balance (asset="USDT")
open_orders = client.get_open_orders (symbol=ticker)
sell_limit_orders = [order for order in open_orders if order[’side
sell limit_orders_count = len(sell limit orders)
print (f"sell limit : {sell_limit_orders_count}")

i N NN,

quantity= 0
order_size= 0

if sell_limit_orders_count == 0:
order_size = float (balance[’ free’]) / 3.0
quantity=int (float (order_size/float (order_price)))
elif sell limit_orders_count ==
print ("sell order 3 already placed, paisay kaam hain")
elif sell_limit_orders_count ==
order_size = float (balance[’ free’]) / 1.0
quantity=int (float (order_size/float (order_price)))
elif sell limit_orders_count ==
order_size = float (balance[’free’]) / 2.0
quantity=int (float (order_size/float (order_price)))
print (f"Quantity is : {quantity}"™)
try:
order = client.order_market_buy (symbol=ticker,
quantity=quantity)
print (quantity)
except Exception as e:
print ("an exception occurred - {}".format (e))
return False
return order
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def Sell (ticker,order_price,percent):

tickerData= ticker.replace(’USDT’,’")

print (£" => {tickerData} having type {type(tickerData)}l")
balance= client.get_asset_balance (asset=tickerData)

print (£’ => {balance} having type {type(balance)}’)
totalbalance=int (float (balance[’ free’]))

print (f" => {totalbalance} having type {type(totalbalance)}")
# ////////////////// Calculate the limit price/////////////
print (f"the percent : {percent}")
percentage=float ( (float (order_price) /100) * percent)
Final_Price=float (order_price) + percentage

rounded_price = format (round(Final_Price,8),".8f")
print (rounded_price)
try:

print (ticker)

order = client.order_limit_sell (symbol=ticker,

quantity=totalbalance,price=rounded_price)
print (£" => {totalbalance} having
type {type(total balance)}")

except Exception as e:
print ("an exception occurred — {}".format (e))
return False

return order

client = Client (config.API_KEY, config.API_SECRET, tld=’com’)

Qapp.route (/")
def welcome () :
return render_template (’ index.html’)

@Qapp.route (’ /webhook’, methods=[’POST’])
def webhook () :
print (request.data)

data = json.loads (request.data)
if datal[’passphrase’] != config.WEBHOOK_PASSPHRASE:
return {
"code": "Error",
"message": "Nice try, invalid passphrase”
}
side = datal[’strategy’][’order_action’].upper()

ticker=data[’ticker’]
percent=float (data["percent"])



210 CHAPTER 7. ALGORITHMIC TIME MACHINE BOT

print (f"the percent is : {percent} and its type {type(percent)}")

order_price=datal’strategy’][’order_price’]
order_res=False
if side == "BUY":
order_response=Buy (ticker, order_price)
if (order_response) :
order_res=Sell (ticker, order_price,percent)

if order_response and order_res:
message={
"code": "success",
"message": "order executed"

else:
print ("order failed")
message={
"code": "Error",
"message": "order failed"
}
return message
if _ name_ == '_ _main_ ':
app.run (debug=True)

The critical Flask API, which is an integral part of our trading infrastructure,
is hosted virtually on the dependable and scalable Azure Web App Service.
By deploying on the Azure cloud platform, this initiative demonstrates a
deliberate effort to achieve dependability, expandability, and uninterrupted
access. The Flask API, which has been carefully designed to process and
respond to Trading View alerts, is prepared to receive trader signals. The
pivotal factor is the URL of the Flask API that is deployed and strategically
inserted into Trading View notifications. Upon the activation of the alert on
Trading View, immediate communication is established with the Flask API
through its Azure Web App URL. This initiates a sequence of occurrences
that ultimately result in prompt and accurate trading operations on the Bi-
nance exchange. By selecting Azure for deployment, we not only guarantee
the trading infrastructure’s high availability but also emphasize our dedi-
cation to utilizing state-of-the-art technologies to deliver an optimized and
resilient trading experience.
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CONCLUSION







Chapter

Concluding Remarks

In conclusion, this thesis has provided a comprehensive exploration of the
transformative impact of algorithmic trading bots in the context of cryptocur-
rency markets, underscoring their role in reshaping modern trading practices.
From the elucidation of fundamental concepts in knowledge graphs to the
implementation of advanced machine learning algorithms, each chapter has
contributed to a deeper understanding of the integration of knowledge-driven
approaches and automated trading solutions.

The advent of algorithmic trading bots has ushered in a new era of effi-
ciency and objectivity in financial trading. By leveraging machine learning
concepts, these bots offer precision and reliability, operating tirelessly to cap-
italize on market opportunities without the limitations of human fatigue or
emotion. The comparison drawn between human traders and algorithmic
bots highlights the significant disparity in trading capacity, emphasizing the
unparalleled advantage of automated trading solutions in today’s fast-paced
markets.

The Real-Time Al-Trading Signal Machine represents a novel innovation, of-
fering enhanced predictive capabilities and insights derived from automatic
machine learning. Through rigorous analysis of real-time data and hyperpa-
rameter optimization, this system exemplifies the intersection of technologi-
cal innovation and financial efficiency, providing traders with a competitive
edge in cryptocurrency markets.

Likewise, the Time Machine Bot further exemplifies the transformative po-
tential of algorithmic trading, facilitating automated trading decisions based
on indicators derived from feature engineering and machine learning insights.
Operating continuously with precision and objectivity, Traders are able to
take advantage of opportunities in the markets while minimizing the draw-
backs of manual trading with the assistance of the program.

Moreover, in selecting the Light GBM algorithm for predicting BTC across
different time intervals, ranging from highly volatile 1-minute datasets to less
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volatile 15-minute datasets, this thesis acknowledges the challenges posed by
market dynamics. Despite the difficulty in predicting highly volatile datasets,
the utilization of Light GBM underscores its efficacy in capturing and pro-
cessing complex market behaviours.

Furthermore, the integration of alert generation and order placement func-
tionality within the bot enhances its capabilities. When the bot’s strategy
generates a signal to buy or sell, an alert is generated, triggering a request to
the server with payload information detailing the order. This data undergoes
verification on the server before initiating a request to Binance using API
and secret keys to execute the order. Notably, the bot is designed to trade on
any digital financial market, providing traders with a versatile and efficient
trading solution.

Overall, this thesis underscores the significance of integrating knowledge-
driven approaches with advanced machine-learning techniques to enhance
trading efficiency and automation in cryptocurrency markets. The technolog-
ical landscape is undergoing constant evolution, the adoption of algorithmic
trading bots represents a paradigm shift in financial trading, offering un-
paralleled opportunities for traders to navigate the complexities of modern
markets with confidence and efficiency.
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Future work

As further advancements occur, the Al Real-Time Signal Machine will be
expanded to generate forecasts over more extended time periods, potentially
weekly, daily, and even hourly. The implementation of this expansion will
necessitate further data preprocessing and model training to capture trends
and patterns with greater precision over extended time periods. Further-
more, the expansion of the system’s crypto pair support will necessitate the
implementation of resilient data management strategies to efficiently process
the augmented data volume.

In an effort to optimize trading achievement, the time machine automaton
will incorporate sophisticated trading strategies. Investing at extreme lows
and selling at extreme highs, in addition to utilizing wick trading to profit
from short-term price fluctuations, will be among these strategies. Ongo-
ing efforts will be made to optimize and enhance the performance of the
AT models and trading strategies. This will entail refining hyper parameters,
investigating novel machine learning algorithms, and integrating state-of-the-
art technologies to increase profitability and efficiency. To augment stability
and profitability, the organization will employ robust risk management strate-
gies and portfolio diversification techniques. This entails the implementation
of stop-loss mechanisms, the adoption of position-sizing strategies, and the
diversification of investments across various asset classes. Adding outside
factors like news sentiment analysis, macroeconomic indicators, and market
sentiment analysis to the trading system will improve its ability to predict
the future and give it more information. The trading strategies will undergo
comprehensive back testing and substantiation in order to ascertain their
efficacy and resilience in the face of diverse market conditions. This process
entails the simulation of transactions using historical data and the assess-
ment of the strategies’ performance metrics. Ensuring adherence to regula-
tory obligations and guidelines that govern cryptocurrency trading will be
a top priority, including keeping abreast of the dynamic regulatory environ-
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ment in order to adjust trading strategies accordingly.

An effort will be made to improve the intuitiveness and usability of the
trading system’s user interface. This may entail the creation of mobile appli-
cations or web interfaces to facilitate user access to the system. In pursuit of
joint ventures with fellow researchers and industry professionals, this study
aims to investigate novel research and development pathways in the domain
of Al-powered trading platforms for cryptocurrency markets, exchange con-
cepts, and impart insights. The research endeavors to enhance the func-
tionalities and efficacy of Al-powered trading systems within cryptocurrency
markets by means of these forthcoming advancements. This will make a
valuable contribution to the continuous improvement of automated trading
strategies within the domain of digital assets.
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