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“Doloc’s book is a masterfully written and essential handbook for anyone involved
in utilizing data to gain insights into their respective industries. With intellectual
honesty, Doloc separates hype from reality, skillfully and intricately weaving a
framework to harness the advances and recent developments in quantitative and
computational finance. He challenges readers to adopt the best approaches for their
applications, knowing the potential but also the limitations, and wisely problem
solve. The author may have expertly designed this book for the trading community,
but the takeaways are industry agnostic. A must-read for any academic or practitioner
in data science, machine learning, and Al fields.”
—Rob Friesen, president & COO, Bright Trading,
LLC; CEO & Director of Education, StockOdds, Inc.

“Cris Doloc’s book is a great introduction to a fascinating field of Computational
Intelligence and its applications to quantitative finance. Through examples and case
studies covering a wide range of problems arising in quantitative finance from market
making to derivative valuation and portfolio management the author demonstrates
how to apply complex theoretical frameworks to solving practical problems. Using a
sequence of case studies, Doloc shows quantitative researchers and practitioners the
power of emerging Computational Intelligence and machine learning technologies to
build intelligent solutions for quantitative finance.”
—Yuri Burlakov, Ph.D., head of Proprietary Research,
Volant Trading

“Cris Doloc has created a valuable guide to Computational Intelligence and the
application of these technologies to real-world problems. This book establishes a
firm foundation to update the Financial Mathematics program curriculum and prac-
titioners in this domain by presenting a systematic, contemporary development of
data-intensive computation applied to financial market trading and investing. Using a
sequence of case studies, Doloc shows quantitative researchers and practitioners the
power of emerging Computational Intelligence and machine learning technologies
to build intelligent solutions for quantitative finance.”
—Jeff Blaschak, Ph.D., data scientist and co-founder,
Social Media Analytics, Inc.

“Cris Doloc has written a book that is more than just a solid introduction to the current
state of the art in Al for quants; it is a solid introduction in how to think about Al for
quants. In a field that is changing daily, the focus on application of techniques and
critical thinking about the strengths and weaknesses of different approaches rather
than on details of the latest tools makes time spent with this book a good investment
in the future. The case studies in particular help ground the material in the real world
of quantitative finance and provide powerful examples of the informed application of

Al to finance.”
—John Ashley, Ph.D., director of Global Professional Services,

Nvidia



“Doloc’s book masterfully distills the complex world of quantitative trading into a
clear guide that’s an ideal starting point for new, would-be quants. It provides so
many fresh insights into the space that even more seasoned practitioners can learn

from it.”
—James L. Koutoulas, Esq., CEO,

Typhon Capital Management

“Through a series of case studies, Doloc illustrates a number of examples of
real-world problems designed to prepare the reader to work in the contemporary
world of quantitative finance. I recommend this book to students of financial
engineering and quantitative finance, and to all quantitatively oriented participants

in all areas of finance.”
—Ilya Talman, president,

Roy Talman & Associates, Inc.
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Introduction

“Life on earth is filled with many mysteries, but perhaps the most challenging
of these is the nature of Intelligence.”

—Terrence J. Sejnowski, computational neurobiologist

Two decades of participation in the digital transformation of the trading industry
as a system architect, quant, and trader, coupled with the experience of teaching in
the Financial-Mathematics program at the University of Chicago, provided me with
a unique perspective that I will convey to the reader throughout this book. As both a
practitioner and an educator, I wrote this book to assert the fact that the trading indus-
try was, and continues to be, a very fertile ground for the adoption of cutting-edge
technologies.

The central message of this book is that the development of problem-solving skills
is much more important for the career advancement of a quantitative practitioner than
the accretion and mastering of an ever-increasing set of new tools that are flooding
both the technical literature and the higher education curricula. While the majority of
these tools become obsolete soon after their release into the public domain, acquir-
ing an adequate level of problem-solving expertise will endow the learner with a
long-lasting know-how that will transcend ephemeral paradigms and cultural trends.

If the use of an exhaustive tool set is providing the solution architect with hori-
zontal scalability, mastering the expertise of what tools should be used for any given
problem will grant the user with the vertical scalability that is absolutely necessary
for implementing intelligent solutions. While the majority of books about the appli-
cation of machine intelligence to practical problem domains are focused on how to
use tools and techniques, this book is built around six different types of problems
that are relevant for the quantitative trading practitioner. The tools and techniques
used to solve these problem types are described here in the context of the case studies
presented, and not the other way around.

xxiii



XXiv INTRODUCTION
MOTIVATION

The impetus to write this book was triggered by the desire to introduce to my students
the most recent scientific and technological developments related to the use of com-
putationally intelligent techniques in quantitative finance. Given the strong interest of
my students in topics related to the use of Machine Learning in finance, I decided to
write a companion textbook for the course that I teach in the Financial-Mathematics
program, titled Case Studies in Computing for Finance.

Soon after I started working on the book, I realized that this project could also bene-
fit a much larger category of readers, the quantitative trading practitioners. An impor-
tant motivation for writing this book was to create awareness about the promises as
well as the formidable challenges that the era of data-driven decision-making and
Machine Learning (ML) are bringing forth, and about how these new developments
may influence the future of the financial industry. The subject of Financial Machine
Learning has attracted a lot of interest recently, specifically because it represents one
of the most challenging problem spaces for the applicability of Machine Learning.

I want to reiterate that the central objective of this book is to promote the primacy
of developing problem-solving skills and to recommend solutions for evading the
traps of keeping up with the relentless wave of new tools that are flooding the mar-
kets. Consequently the main purpose of this book is pedagogical in nature, and it is
specifically aimed at defining an adequate level of engineering and scientific clarity
when it comes to the usage of the term artificial intelligence, especially as it relates
to the financial industry.

The term AI has become the mantra of our time, as this label is used more and
more frequently as an intellectual wildcard by academicians and technologists alike.
The Al label is particularly abused by media pundits, domain analysts, and venture
capitalists. The excessive use of terms like Al disruption or Al revolution is the man-
ifestation of a systemic failure to understand the technical complexity of this topic.
The hype surrounding the so-called artificial intelligence revolution is nothing but
the most noticeable representation of a data point on Gartner’s hype curve of inflated
expectations.

This hype could be explained eventually by a mercantile impulse of using any
opportunity to promote products and services that could benefit from the use of the
Al label. It is rather common that a certain level of misunderstanding surrounds novel
technology concepts when they are leaving the research labs and are crossing into the
public domain. The idea that we are living in an era where the emergence of in sil-
ico intelligence could compete with human intelligence could very well qualify as
“intellectual dishonesty”, as Professor Michael Jordan from Berkeley said on several
occasions. Consequently, one of the main goals of this book is to clarify the termi-
nology and to adjust the expectations of the reader in regard to the use of the term Al
in quantitative finance.

Another very important driver behind this book is my own opinion about the neces-
sity of updating the Financial-Mathematics curriculum on two contemporary topics:
data-driven decision-making (trading and investing) and Computational Intelligence.
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As a result, the first half of this book is dedicated to the introduction of two modern
topics:

e Data-driven trading, as a contemporary trading paradigm and a byproduct of
the fourth scientific paradigm of data-intensive computation.

o Computational Intelligence, as an umbrella of computational methods that
could be successfully applied to the new paradigm of data-driven trading.

The general confusion created by the proliferation of the term Al is at the same
time enthralling and frightening. While mass fascination comes from the failure to
grasp the complexity of applying machine intelligence techniques to practical prob-
lems, the fear of an Al-world taking over humanity is misleading, distracting, and
therefore counterproductive. Whether or not Science will be able any time soon to
understand and properly model the concept of Intelligence, enrolling both computers
and humans into the fight to enhance human life is a major challenge ahead.

While solving the challenge of understanding general intelligence will be
quintessential to the development of Artificial Intelligence it may also represent the
foundation of a new branch of engineering. I will venture to call this new discipline
Quantitative and Computational Engineering (Q&CE). Like many other classic
engineering disciplines that have emerged in the past (e.g. Civil, Electrical, or
Chemical), this new engineering discipline is going to be built on already mature
concepts (i.e. information, data, algorithm, computing, and optimization). Many
people call this new discipline Data Science. No matter the label employed, this new
field will be focused on leveraging large amounts of data to enhance human life, so
its development will require perspectives from a variety of other disciplines: from
quantitative sciences like Mathematics and Statistics to Computational, Business,
and Social sciences. One of the main goals of writing this book is to acknowledge
the advent and to promote the development of this new engineering discipline that
I label Quantitative and Computational Engineering.

The intended purpose of this book is to be a practical guide for both graduate
students and quantitative practitioners alike. If the majority of books and papers
published on the topic of Financial Machine Learning are structured around the
different types and families of tools, I decided to center this book on practical
problems, or Case Studies. 1 took on the big challenge to bridge the perceived gap
between the academic literature on quantitative finance, which is sometimes seen as
divorced from the practical reality, and the world of practitioners that is sometimes
labeled as being short on scientific rigor. As a result I dedicated the second half of
the book to the presentation of a set of Case Studies that are contemporarily relevant
to the needs of the financial industry and at the same time representative of the
problems that practitioners have to deal with. For this purpose I will consider cat-
egories of problems such as trade execution optimization, price dynamics forecast,
portfolio management, market making, derivatives valuation, risk, and compli-
ance. By reviewing dozens of recently peer-reviewed publications, I selected what
I believed to be the most practical, yet scientifically sound studies that could illustrate
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the current state-of-the-art in Financial Machine Learning. I earnestly hope that
this review of recently published information will be useful and engaging for both
Financial-Mathematics students as well as practitioners in quantitative finance
who have high hopes for the applicability of Machine Learning, or more generally
Computational Intelligence techniques in their fields of endeavor.

Last but not least I hope that other industries and sectors of the digital economy
could use the financial industry’s adoption model to further their business goals in two
main directions: automation and innovation. Therefore, another important motivation
in writing this book was to share with decision-makers from other industries (e.g.
Healthcare and Education) valuable lessons learned by the financial industry during
its digital revolution.

The message that I want to convey in this book is one of confidence in the pos-
sibilities offered by this new era of data-intensive computation. This message is not
grounded on the current hype surrounding the latest technologies, but on a deep anal-
ysis of their effectiveness and also on my two decades of professional experience
as a technologist, quant, and academic. Throughout my career I was driven by the
passion to adopt cutting-edge technologies for as long as they could be useful in
solving real-world problems. I wanted to convey this philosophy to my students as
well as to the readers of this book. This book is an attempt to introduce the reader to
the great potential offered by the new paradigm of Data-Intensive Computing, or to
what is called the fourth paradigm of scientific discovery to a variety of industries.
Throughout this book I am going to promote the concept of Computational Intelli-
gence as an umbrella of new technologies aimed at augmenting human performance
(through automation) and engendering intelligence (via innovation and discovery)
with examples from the emerging field of data-driven trading. The use of computer
systems to analyze and interpret data, coupled with the profound desire to learn from
them and to reason without constant human involvement, is what Computational
Intelligence is all about. As a means to convey the message I chose to introduce
the reader to the realm of Computational Intelligence by presenting a series of Case
Studies that are actionable and relevant in today’s markets, as well as modern in their
data-driven approach.

TARGET AUDIENCE

This book is primarily intended for students and graduate students who contemplate
becoming practitioners in the field of Financial Machine Learning and Compu-
tational Intelligence as well as for more-seasoned trading practitioners who are
interested in the new paradigm of data-driven trading by using machine intelligence
methodologies.

Another possible target audience is represented by technologists and decision-
makers from other sectors of the economy that currently undergo structural digital
transformations and could have a major societal impact, like Education and Health-
care. This very large potential audience could learn extremely useful lessons from the
digital revolution that shaped the financial industry in the last 10 to 15 years and could
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apply similar approaches for the successful early adoption of the newest technology
available.

As mentioned before, the main goal of this book is to promote and advocate for the
use of Computational Intelligence framework in the field of data-driven trading. Since
this is a quite novel and technically advanced topic, I choose to embed this message
into a more readable narrative, one that will not exclude readers who may not be very
fluent in the language of quantitative and computational sciences. By embedding the
main message into a more readable narrative, I hope it will make it more appealing
to nontechnical people.

BOOK STRUCTURE

The first part of the book is dedicated to introducing the two main topics of the book:
Data-Driven Decision-Making and Computational Intelligence. As such:

o Chapter 1 describes the historical evolution of trading paradigms and the impact
that technological progress had on them. A good portion of this chapter is spent
on describing the new paradigm of data-driven trading.

e Chapter 2 introduces the reader to the role that data is playing in trading and
investing, especially in light of the new data-driven paradigm. This chapter will
guide the reader through a fascinating journey from Data to Intelligence.

o Chapter 3 endeavors to de-noise the Al hype by introducing an adequate level
of scientific clarity for the usage of the term Artificial Intelligence, especially
as it relates to the financial industry.

e Chapter 4 introduces the framework of Computational Intelligence, as
a more realistic and practical framework compared to the AI narrative.
Novel approaches to the solvability problem are presented and the Probably
Approximately Correct framework is introduced.

e Chapter 5 exemplifies the use of Computational Intelligence in Quantitative
Finance. It starts with assessing the viability of this methodology in the context
of financial data and it presents a brief introduction to Reinforcement Learning
as one of the most promising methods used in the next chapters on case studies.

The second part of the book introduces the reader to a series of Case Studies that
are representative of the needs of today’s financial industry. All the Case Studies
presented are structured as follows: an introduction to the problem, a brief presenta-
tion on the state-of-the-art in that specific area, a description of the implementation
methodology employed, and a presentation of empirical results and conclusions.

e Chapter 6, Case Study 1: Optimizing trade execution. This chapter gives a short
introduction to the Market Microstructure topic, specifically as it relates to Limit
Order Book dynamics in a high-frequency trading context, and then it describes
a series of methods for optimizing the Market impact problem.
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e Chapter 7, Case Study 2 — Price dynamics forecast. Several practical examples
that use Reinforcement Learning and a variety of Deep Neural Networks are
presented.

e Chapter 8, Case Study 3 — Portfolio management. This chapter compares the
more traditional methods for portfolio construction and optimization with the
more modern approaches like Reinforcement Learning and Deep Learning.

e Chapter 9, Case Study 4 — Market making. Reinforcement Learning and Recur-
rent Neural Network algorithms are applied to the problem of liquidity provi-
sioning and several practical examples are presented.

e Chapter 10, Case Study 5 — Valuation of derivatives. This chapter introduces the
reader to a fascinating new set of applications of ML. Well-established valuation
models like Black-Scholes are becoming outdated by the use of Deep Neural
Networks and Reinforcement Learning.

e Chapter 11, Case Study 6 — Financial risk management. This last chapter dedi-
cated to Case Studies exemplifies understanding and controlling credit, market,
operational, and regulatory risk with the help of ML techniques.

The book concludes with Chapter 12, a summary of the three main goals of this
book, namely to:

e Describe the new paradigm of Data-Driven Trading and the application of Com-
putational Intelligence techniques to implement it.

e Present from both a scientific and an engineering perspective a critical opinion
on the use of the term Artificial Intelligence attempting to de-noise it.

e Draw the blueprint of a new engineering discipline that in my opinion will be
absolutely quintessential to furthering the progress of Computational Intelli-
gence and its applications in Finance and other sectors of the digital economy.



CHAPTER 1

The Evolution of Trading Paradigms

“You never change things by fighting the existing reality. To change something,
build a new model that makes the existing model obsolete.”

— Buckminster Fuller, inventor, system theorist

1.1 INFRASTRUCTURE-RELATED PARADIGMS IN TRADING

Since the beginning of human civilization, commerce has been the main engine of
progress. The Cambridge dictionary defines commerce as “the business of buying
and selling products and services.” The exchange of valuables has been the main
driver of progress in any type of economy throughout history, and it was primar-
ily accomplished through trading. The mechanism of trading is considered to have
been the main instrument that linked different peoples and acted as the main channel
of communication for cultural and intellectual exchange. The primal forms of trade
appeared when prehistoric peoples started exchanging valuables for food, shelter, and
clothing. The concept of exchange for sustenance became a reality in a physical space
known as the marketplace. The concept of a marketplace as an area designated for
the exchange of goods or services became associated with a set of rules to operate
within it. As human civilization progressed and the sophistication of trading practices
advanced, the need for more modern avenues to trade have become prevalent, and
the world of financial instruments was created. Pioneering markets, like the Dojima
Rice Market or the Amsterdam Stock Exchange, were the early promoters of modern
trading, transacting products such as equities, futures contracts, and debt instruments.

The long history of trading (Spicer 2015) as the main vehicle to exchange valuables
and information could be studied by considering the evolution of different trading
paradigms. Since a paradigm is a conceptual representation for looking at, classifying,
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and organizing a specific human endeavor, one can look at trading paradigms from
two different perspectives:

e The infrastructure required to establish a marketplace, and
e The methods required to support and generate trading decisions.

Since the dawn of the financial markets, trading was strongly associated with
the technological progress of the time, by heavily employing the most recent break-
throughs. This section is meant to be a very brief history of the love affair between
trading and technology.

1.1.1 Open Outcry Trading

In its earliest manifestation, trading took place in a setting called the open outcry
system. This mechanism of transacting involved the matching of buyers and sellers
through direct, face-to-face verbal communication, where the information exchanged
consisted of bids and offer prices that were shouted out loud, thus the outcry designa-
tion. This primal system of trading developed out of the necessity for market partic-
ipants to see and verbally communicate with one another. The technology-enabling
direct communication had yet to be invented. Within this early paradigm of trad-
ing, the process of price discovery was initiated by an oral auction for a certain
asset. As supply and demand forces interplayed, the debate over the value of the
auctioned asset was settled. The access to this kind of marketplace was limited both
by monopolistic associations and by capital requirements. However, over time the
transactions taking place in the open outcry system became more securitized and the
appetite to engage in speculative trading increased. In order to service the growing
demand, the nascent trading industry had to consolidate into so-called exchanges, and
it started using more and more of the fechnology available at the time. As the demand
to access these markets increased, new marketplaces and financial products came
into being. The creation of futures and forward contracts enabled extensive hedging
practices for agricultural producers. The introduction of bonds serviced corporate
and government debt and satisfied the desire of investors and speculators to grow
their capital. From the mid-nineteenth century to the late-twentieth century, open
outcry markets commenced trading on a large scale and became the backbone of the
financial industry.

1.1.2 Advances in Communication Technology

As the vast majority of trading operations remained largely contained to the
traditional open outcry marketplaces, the technological progress achieved during
the nineteenth and twentieth centuries generated growth in market participation.
Inventions like the telegraph, the ticker tape, and the telephone established the
foundations for today’s computerized trading systems. The invention of the telegraph
by Samuel Morse in 1832 was quickly adopted by the trading industry. As a
result, financial information was quickly disseminated to areas far away from the
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usual marketplaces. By the mid-1850s, broker-assisted financial transactions of
exchange-based securities became a reality by using the telegraph.

The first stock ticker was implemented by the New York Stock Exchange in 1867.
Edward Callahan invented the stock ticker by adapting the telegraph technology to
transmit up-to-the-minute stock quotes originating at the NYSE nationwide. This new
technology created a new service that facilitated the reception of streaming market
data by remote traders. The invention of the telephone in 1876 augmented the poten-
tial of the telegraph by providing bi-directional means of communication between
market participants. As such, the telephone became a fundamental component for
the infrastructure of the financial industry as it developed into the industry’s standard
for interacting remotely with a marketplace.

The development of the Electronic Numerical Integrator and Computer (ENIAC)
in 1946 marked the beginning of the computer age. This was also a major devel-
opment in the history of the financial markets. The ENIAC was one of the first
digital general-purpose computers that were able to solve a large class of numerical
problems via reprogramming. The financial industry recognized immediately this
event as a technological breakthrough that could be readily adapted to perform
many market-related tasks. By the early 1960s, computer-based market data services
started to replace the traditional ticker-tape quotation services.

The inventions of the telegraph, ticker tape, and telephone all contributed to the
growth of marketplaces and exchanges in both the United States and Europe. When
coupled with the computational power developed by the breakthroughs in information
systems technology, the stage was set for the rapid evolution of computerized trading
systems and electronic trading.

1.1.3 The Digital Revolution in the Financial Markets

With the development of the first computerized stock quote delivery system in the
early 1960s, the financial markets began the transition toward full automation. The
availability of streaming real-time market quotes made possible the democratization
of the financial markets as the dissemination of market information in real-time was
a far more efficient medium than using ticker tapes or the telephone.

Instinet was developed in 1969 as the first fully automated system to trade US
securities, and this was done by leveraging the digital exchange-based streaming
quote technology developed a decade earlier. By using the Instinet trading system,
large institutional investors were able to trade pink sheet securities directly with one
another in a purely electronic over-the-counter (OTC) manner. This event marked
the birth of the electronic trading era and the departure from the ancient practice of
open outcry. Many new competitors jumped into this very hot market where technol-
ogy was the name of the game. All traditional brick-and-mortar exchanges started
automating their trade processing in order to be able to compete in this brave new
world where Electronic Communications Networks (ECNs) gained so much traction.

ECNs are digital networks that facilitate the trading of financial products outside
traditional exchanges (see Figure 1.1). These digital systems disseminate orders orig-
inated by market makers to third parties and allow these orders to be executed against



4 THE EVOLUTION OF TRADING PARADIGMS

m T
- C [T]
) — i

-« 111 | quidity

Traders ECN Providers
L A
ILIL 1111

BANKS

FIGURE 1.1 The ECN concept.

either partially or completely. ECNs are generally passive computer-driven networks
that could internally match limit orders by charging a very small transaction fee,
making them extremely competitive in the marketplace.

The year 1971 saw the birth of NASDAQ as a fully automated OTC trading system.
As Instinet did a few years earlier, NASDAQ employed state-of-the-art information
technology systems to create a 100% digital trading infrastructure. This innovative
model was soon followed by NYSE, which in 1976 created the Designated Order
Turnaround (DOT) system, allowing their member firms to connect electronically
direct to the exchange. The SuperDOT system launched in 1984 marked a disruptive
leap in equities trade execution in terms of both speed and volume. Ten years later, the
SuperDOT system was capable of processing trading volumes of one billion shares
per day, with a standard response time from floor to firm of 60 seconds or less.

With all the progress achieved in the digitization of the US equity markets, the
open outcry remained the preferred way of trading in many futures and options mar-
kets until the turn of the twenty-first century. But as Internet connectivity technology
evolved and personal computers became more powerful and affordable, the push
toward market automation took over the last open outcry holdovers. During the last
decade of the twentieth century, the digital revolution of the financial markets went
on full gear driven by both institutional investors as well as individual retail traders.

The diminishing demand for open outcry trading in the United States coupled with
the direct competition from the electronic trading markets in Germany and the United
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Kingdom provided the conditions for a global move toward the full automation of
financial markets. Leading global exchanges like the Chicago Mercantile Exchange
launched web-based trading applications (the Globex platform) that enabled clients
to trade exclusively using online trading platforms. Just during the last decade of
the twentieth century, one billion futures contracts have been traded electronically
on the CME Globex platform. This electronic trading paradigm increased the overall
efficiency of the marketplace in ways that were not foreseeable just a few decades
before. As a result, greater liquidity, narrower bid-ask spreads, lower commissions
and fees, and especially the ease to access the markets represented the main gains
that the new trading paradigm made possible.

At the same time the critics of the new electronic trading paradigm claimed that
the advent of electronic markets enhanced market volatility, facilitated operational
fragility due to technology failure, induced a lack of transparency, and created the
conditions for market manipulation. Nevertheless it is undeniable that with the advent
of the Internet and the personal computer era, the financial markets have become a
very dynamic environment where change was the only constant. The pace of change
has accelerated so much that all market participants need to stay abreast of the lat-
est technological developments in order to survive in the marketplace. Being at the
leading edge of the technology game has become a survival instinct.

1.1.4 The High-Frequency Trading Paradigm

The High-Frequency Trading (HFT) paradigm emerged as the result of the very swift
technological progress coming from areas such as communication infrastructure
and hardware accelerators. It started at the turn of the twenty-first century with the
advent of the 10-gigabit ethernet and the PCI Express cards, and it continued later
with the availability of ultra-fast fiber-optic lines, wireless towers, and transatlantic
submarine cables linking the biggest US financial centers to London, Tokyo, or
Hong Kong.

The so-called race-to-zero had as an ultimate goal the almost instantaneous
end-to-end transmission of market data with the goal of preserving or even enhanc-
ing a trader’s edge. Expensive collocations facilities enabled trading firms to locate
their order processing hardware in very close proximity of financial exchanges.
The communication infrastructure had to be paired to extremely fast hardware
accelerators that could consume huge amounts of market data in time intervals
compatible with the speed of light. Hardware appliances such as Field Programmable
Gate Arrays (FPGAs) have been developed to obtain sub-micro-second end-to-end
market data processing. HFT became not just a technology consumer but also a
major contributing factor to the rapid development of fiber and wireless technology,
networking switching appliances, and the importance of developing specialized
coding skills.

But the rise of HFT has also created some serious side effects. Because the vast
majority of financial transactions are executed by machines in an automated and
lightning-fast fashion, a huge barrier of entry was erected for a large majority of mar-
ket participants, making HFT a very expensive and sometimes unaffordable game.
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Some opponents of this trading paradigm believe that HFT preyed on investors and
caused flash crashes. These critics claim that HFT created the conditions that tra-
ditional market participants are very likely to be transacting against very powerful
algorithms with very little chance to profit. Even for the tech-savvy trading firms
this high-speed game is converging very rapidly to the law of diminishing returns.
Small- to medium-sized trading firms are struggling to profit from investing in the
newest technology that will allow an incremental gain in speed. This effect is com-
pounded across the markets by reduced volumes and market volatility. If the 2009
HFT revenues were in the $7 billion to $8 billion range, in 2017 they were below the
$1 billion mark.

The combination of exploding operational costs and low volatility has created
the conditions for the onset of a new trading paradigm. As visionary traders quickly
adopted novel technology several decades ago to conquer the electronic trading land-
scape, today’s traders are in the process of enlisting not just the latest technology,
but also the power of Data Science and Computational Intelligence to drive trading
decisions that rely more on the power of data than on very expensive technology.

1.1.5 Blockchain and the Decentralization of Markets

Technology and modern financial markets have a good track record of double-
feedback: great technology has fueled the progress of financial markets through
the creation of new products and even the advent of new trading paradigms; and
conversely, the quick progress achieved in the financial markets has enabled and
accelerated the development of advanced technologies that have been in turn applied
to domains and industries well beyond the financial sector. The so-called blockchain
revolution is nevertheless a quite unique development in the sense that it changes in
a fundamental way the archetype of financial transactions. Some consider the advent
of blockchain similar in magnitude and impact to the introduction of the Internet
many decades ago. Although the effects will be undeniably long-reaching, it is quite
difficult to see all its potential yet. The blockchain technology is undoubtedly an
ingenious invention, which has grown to become one of the biggest digital transfor-
mations to date. Financial firms and banks have already invested large amounts of
resources into this new technology with the goal to maintain or differentiate their
competitive edge.

Through a transparent digital ledger of transactions and records that are immune
to any tampering (change or deletion), the notion of ownership, transfer of value,
and payment has gained profoundly new meanings. Through its decentralized
environment, the blockchain technology offers increased security, lowers costs, time
efficiency, and error resistance, and therefore promises a great impact on a variety of
industries. Blockchain’s security and transparency promise to protect businesses and
investors alike, and it represents the enabling force to removing the middle layers,
administration, and reconciliation steps currently hampering the global markets.
Modern-day markets need to be built with the interests of all participants at their
core. The goal is for trading to become a more seamless experience and for the
individual investor to regain trust in the markets. Through decentralization and the
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use of cryptocurrency, blockchain can provide a safer and more transparent network
for trading from both parties.

Currently all financial transactions have to go through a complex chain of clear-
ing houses, banks, and exchanges. This process may take days to verify the own-
ership of the securities being transacted. The process of trading is quite complex
and is involving settlement risk for both parties. There is an inherent lack of trust
between parties, and it is by eliminating this type of uncertainty that blockchain can
add value. Blockchain provides security and invokes trust mechanisms. By provid-
ing heightened visibility it will change how we carry out trade settlements and how
we manage counterparty risk. Over $2 trillion is transacted via trading every single
day. As the transactions associated with this volume of trading involve the physical
exchange of many documents, the large-scale implementation of blockchain could
completely revolutionize the whole financial industry. Both post-trade costs as well
as settlement times could decrease in a quite dramatic manner. Although there is a lot
of optimism already invested in the blockchain revolution, the technology is still in
its infancy. There are a great number of moral, practical, and technical questions that
need to be answered about the organization and the functioning of this new breed of
markets, as well as the legal framework to be considered.

1.2 DECISION-MAKING PARADIGMS IN TRADING

As in practically any business endeavor, decision-making is a central aspect of
trading and investing. But because the financial markets operate in a fast-changing
and extremely competitive environment, the process of making decisions accrues
an ever-increased importance. What is markedly different in trading compared to
other industries is that the decision to be taken (buy, sell, or hold) is generated by
a complex optimization process between a series of trade-offs in order to achieve
a given objective. The choices are simply not binary and they are usually more
complex than just being right or wrong. Choosing one trade-off over another is the
result of an optimization process that is supported by a series of different paradigms.

The process of decision-making generally involves navigating the problem space
instinctually or on autopilot, and by doing so, more often than not, one fails to con-
sider all potential implications and unintended consequences. What behavioral psy-
chology research has shown is that it is vital to recognize that every time one makes a
decision, one also makes a trade-off. But with the advent of modern technology, espe-
cially as it pertains to the era of Big Data, the dynamics of certain trade-offs could be
dramatically altered. By better understanding the parameters of the problem space,
one could potentially make better decisions. Since change is the only constant in
today’s business landscape, the decision-making process needs to be data dependent.

What makes today’s decision-making process much more amenable to opti-
mization is the availability of an extremely wide range of technology choices, the
availability of various types of data at scale, as well as recent advances in under-
standing the psychology of the behavioral process involved in decision-making.
Behavioral Finance is a well-established field of research, and it studies the
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psychology of irrationality in human decision-making in the area of financial
markets. Experimental psychologists have already built a substantial body of
knowledge demonstrating biases and shortcomings in expert decision-making in
general, and their applications to the financial markets are already available.

From a decision-making perspective, the history of the financial markets could be
classified into several periods:

e Discretionary trading
e Systematic trading

e Algorithmic trading
e Data-driven trading

These periods correspond to the adoption of different scientific and engineering
paradigms: from largely ignoring systemic experimental evidence by relying on
our own biases or a set of empirical rules (in discretionary trading), to the use of
rule-based systems (as in systematic trading), and from the use of computationally
implemented algorithms (as in algo-trading), to the more recent paradigm of
data-driven trading — a parallel to a fourth paradigm introduced by computer scientist
Dr. Jim Grey (Hey, Tansley, and Tolle 2009).

1.2.1 Discretionary Trading

Discretionary trading is commonly defined as a paradigm of trading based on a set of
empirical rules that traders tend to follow throughout their trading career. These rules
could be modified or replaced based on a trader’s experience, performance, and their
survivability. Some discretionary traders follow these rules rigorously while others
tend to experiment until the time they feel they have cracked the code and continue to
make required modifications in their strategy. A discretionary trader makes decisions
based on a large variety of signals: from pure gut-feeling to news-driven signals or
the study of market charts. The trader makes all decisions in discretionary trading
(i.e. when to enter or exit positions). In discretionary trading, maximum risk origi-
nates from decisions taken under the influence of uncontrolled emotions by the trader.
In most cases, these emotions can lead to decisions (trades) which cannot be logically
defended. Hence in order to make a profit, it becomes extremely important not to just
have a profitable strategy, but also have a check on one’s emotions.

1.2.2 Systematic Trading

Systematic trading is a trading paradigm that defines specific trade goals and the
associated set of rules and the ways and means to control the risk associated. This
trading style is also known as mechanical trading because all investment and trading
decisions are made in a methodical fashion (Carver 2015).

Systematic trading covers both manual trading and fully or partially auto-
mated trading. This style of trading relies mostly on technical rules but also on
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using fundamental analysis. Systematic trading is pretty much the antithesis of
discretionary trading that could be influenced by emotions, could not be easily back
tested, and where the control of risk is less rigorous. Systematic trading represents a
large umbrella of methods that cover also the field of quantitative trading.

An example of a systematic trading approach will be the replication of an equity
index using futures and stocks. Starting with the creation of a replication basket
and analyzing the correlations between different components, the systematic trading
strategy will be first back-tested on historical data, and then a profit and loss (P&L)
analysis will be generated to include transaction costs, rollovers, stop-loss orders, and
all other wanted risk controls. After the historical back-test was performed and the
P&L report was analyzed, the strategy will be used live for signal generation while
trying to optimize the P&L and controlling continuously the risks.

In general any systematic trading strategy should include components for:

e Data management — for both real-time and historical data.

e Signal generation — create buy and sell signals according to predefined
strategies.

e Portfolio and P&L tracking.
Risk management — defining portfolio exposure.

e Execution and routing of the orders.

A key component of any systematic trading system is the back-testing module
that is used to verify the fitness of different strategies before being traded live.
A prerequisite is to have easy and robust access to historical trading data. A very
good review for all these techniques could be found in de Prado’s recently published
book (de Prado 2018). Any systematic trading strategy should take seriously the
importance of risk management by using a methodical approach to quantify the
trading risk and the quantity limits and to define how to close excessively risky
positions. This approach lends itself very well to controlling the risk because it
allows portfolio managers to define profit targets, allowable losses, and trade size
objectively and in advance of entering any trade.

1.2.3 Algorithmic Trading

Algorithmic trading (algo-trading) is one of the progenies of the third industrial rev-
olution and of the new era of digital computers. Also known as automated trading or
black-box trading, algo-trading is the process of using a proprietary set of instruc-
tions (an algorithm) implemented on a digital computer in order to generate a prof-
itable trade at a speed and frequency that is beyond the ability of a human trader
(Aldridge 2010).

The algorithmic trading rules are based on timing, price, quantity, or any mathe-
matical model. Aside from creating profit opportunities for traders, algo-trading con-
tributes to the generation of impressive amounts of liquidity in the financial markets
and makes trading more systematic by ruling out the impact of human emotions on
trading activities.
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Among the wide variety of trading strategies employed by algorithmic traders the
most common ones are:

e Trend following

Arbitrage trading

e Mathematical-based models (e.g. delta-neutral)

e Mean-reversion or range trading

e Volume-weighted and time-weighted average price trading
e Implementation shortfall

The main benefits of algorithmic trading are:

e Execution of transactions is done at the best possible prices

Instant and accurate trade order placement

Reduced transaction costs and risk of manual errors in placing orders

The possibility to back-test strategies on historical and real-time data

Reduced impact of human errors based on emotional and psychological factors

Algorithmic trading is used nowadays in a variety of forms by the trading and
investment community. The main categories are:

e Mid- to long-term investors like buy-side firms — pension funds, mutual
funds, insurance companies — are using algo-trading to purchase securities
in large quantities in such a way that prices are not influenced by large-volume
purchases.

e Short-term traders and sell-side participants like market makers, speculators,
hedgers, and arbitrageurs. They could also benefit from automated trade
execution.

e Systematic traders like trend followers, hedge funds, or pair traders find
algo-trading to be much more efficient to implement their trading rules and let
the program trade automatically.

Algorithmic trading is also exhibiting some drawbacks, specifically as it relates to
how quickly an algorithmic error could escalate into a systemic problem for most of
the market participants. Since a single algorithm can trigger a very large amount of
transactions in a very short amount of time, when for some reason something goes
wrong, considerable amounts of money could be lost in that same time frame. There
have been multiple incidents of flash crashes on global markets resulting from prob-
lems with algorithmic trading.

One example is the so-called Flash Crash of 2010, which led US stock indexes
to collapse for a short period of time after recovering. Algorithmic trading has also
been linked to significant market volatility. While quality control measures could
help prevent losses due to poorly defined or coded algorithms, market participants
are keenly aware of the dangers of fully automating the trading workflow.
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1.3 THE NEW PARADIGM OF DATA-DRIVEN TRADING

The globalization of asset trading, coupled with the emergence of ultrafast commu-
nications and high-performance computing technology, has made it impossible for
humans to efficiently compete with algorithms in the low-level decision-making pro-
cess. Nowadays most of the micro-level trading decisions in the listed markets are
made by algorithms that define how to execute a trade (at what price and quantity)
and where to route the order. Given the very complex nature of the modern financial
markets, trading algorithms have to operate on multiple levels of granularity. The
decision-making process is generally driven by market data and quantitative models.
Up until very recently the trading algorithms were a mixture of quantitative mod-
els expressing a scientific view of the world, and heuristic rules which expressed the
very practical experience and preferences of human traders. The logic of a traditional
trading algorithm is generally encapsulated in tens of thousands lines of code. These
human-coded algorithms have to be continuously maintained, tweaked, or improved
to handle the ever-changing nature of the markets. The financial industry is also
heavily regulated by placing some very specific requirements on the participants.
Achieving the desired efficiency in trading while conforming to all the regulatory
constraints is becoming a huge challenge for most of the trading firms. The possibil-
ity of using a data-centric approach to this problem presents itself as a very attractive
opportunity to the financial industry.

As computing technologies are developing at an exponential rate and data gen-
eration is completely transforming our society, the financial industry is sensing the
powerful impact that data could have in its own future. And this impact seems to be
more of a splash than a ripple. Historically, the financial industry has relied on very
accurate and timely inputs into its decision-making models. Traditionally, numbers
were crunched by humans and decisions were made based on inferences drawn from
these computations and models. Nowadays, computers are operating in this environ-
ment by using inputs from a multitude of sources and performing computations at a
massive scale in order to generate more accurate outcomes almost instantaneously.

The history of trading is intertwined with the history of human civilization. No
matter what paradigm was driving the trading style of a certain epoch, the success in
trading was always dependent on three attributes that transcend time:

e Good knowledge of the market — what to trade
e Acute sense of timing — when to trade
o Ability to adjust quickly to the most current market conditions

If the first attribute — market knowledge — could be acquired through education
and experience, the second one — market timing — is more of an aptitude that is char-
acteristic to successful traders and therefore has an important survivorship bias. The
third attribute, the ability to rapidly adapt to changing market conditions, is what one
calls nowadays data-driven trading.

As a relatively new field of research and as a new paradigm, data-driven trad-
ing draws inspiration from a vast repository of trading knowledge as well as from
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FIGURE 1.2 The data-driven trading concept.

the multidisciplinary field of Data Science (see Figure 1.2). The wisdom of markets
claims that past performance is not indicative of future performance — or in other
words, one should not care much about past performance, but instead try to forecast
how well a strategy is going to perform in the future. On the other hand, Data Sci-
ence teaches that historical data is the only vehicle that one could utilize to train the
learning models on. Equally important is the fact that not all aspects of past data are
likely to occur in the future.

Adapting to current market conditions is not a new endeavor. What is really new
is the ability of market participants to tap into a huge data pool, be it pure market data
(historical or real-time), or what one calls alternative data. The world of alternative
data is developing at a very rapid pace, and it is becoming a very fashionable tool for
investment management firms that are seeking alpha. From geolocation information
to credit card transactions, from social media content to product reviews and customer
feedback, the market for alternative data is growing very fast and is expanding the
realm of traditional market data sources.

But the availability of large amounts of data to assist in the decision-making pro-
cess is not enough. A complex algorithmic infrastructure is also required to extract
actionable information from this data. The advent of Computational Intelligence tech-
niques to perform this knowledge extraction was a major step forward in the devel-
opment of data-driven trading.

Nevertheless, there are still major hurdles that need to be addressed:

e Given the very nature of financial markets, which are fundamentally nonlinear
and nonstationary processes, the learning process from past data needs to be
coupled with other exogenous techniques that could signal major departures
from stable conditions, and the need to retrain the learning algorithms on more
relevant data sets.

e Sometimes the algorithms that properly model a current market situation could
not be coded, either because their algorithmic complexity is too high or because
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they are not encode-able using current hard computing techniques. This subject
will be addressed in Chapter 4 when we will introduce the concepts of Compu-
tational Intelligence and soft computing.

Having foresight of market directionality is every investor’s dream, and this is
driving financial investment firms to mine for data in the digital information economy
(rather than for gold). Traders and investors have traditionally based their decisions
on fundamentals, intuition, and analysis drawn from traditional financial data sources.
In the new data-driven paradigm, High Performance Computing and Computational
Intelligence tools offer a more robust framework to generate data-driven profits.

Computational Intelligence techniques differ fundamentally from the ubiquitous
factor-driven style used by traditional quantitative methods that account nowadays
for about $1.5 trillion in total assets under management (AUM). These factor-driven
approaches model the markets through a simplified, linearly constrained lens.
Computational Intelligence, on the other hand, could integrate a multidimensional
set of perspectives into each investment decision through an ensemble of different
models by synthesizing the most pertinent information to guide decision-making.
Compared to a stylized and simplistic traditional quantitative approach, Com-
putational Intelligence has more in common with a human-driven approach by
combining the most appropriate aspects of data-driven modeling techniques with
guiding human-like rationales.

Traders and investors value information above everything else. The difference
between success and failure depends heavily on what information they may have
available to reach the proper decisions: from what they see on their screens to how to
search through the right information at the right time in order to make the right trade
in a fast-paced financial market. Relying only on traditional sources of financial data
is no longer sufficient to ensure success in the markets.

Using alternative data in their decision-making processes is becoming increasingly
common for traders and investors alike. The use of alternative data offers market par-
ticipants a firsthand glance into the markets beyond the traditional lenses, highlighting
new information and dynamics to complement their existing knowledge. Even more
so0, the access to real-time information from alternative data sources gives traders a
competitive advantage to quickly harness new insights, assess situations, and make
critical business decisions as events unfold. One of the shortcomings of this universe
of alternative data sets is represented by its expanse and the speed at which it is bom-
barding the users with hundreds of data streams at once.

The primary source of alternative data is represented by the social media. A single
tweet from a prominent figure could roil the markets. Other sources of publicly avail-
able alternative data are blogs, satellite information, or even retail sites that could
provide a wealth of contextual information. But because the range of alternative
data sources is incredibly broad, the intrinsic value of each source is highly depen-
dent on context. Most of the time, combining multiple data points from a variety of
sources could provide traders and investors with significant insights to sharpen their
competitive edge. The use of alternative data provides traders and investors with a
more complete picture of the market. The more traditional pricing data sets and press
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releases lack critical, real-time context. By incorporating time-sensitive information
into their execution workflows, market participants could expand and deepen their
views of market events. There are situations in which alternative data could explain
recent market movements in or could even forecast a market move. By the time infor-
mation is widely publicized it is usually too late to profit from that information.

Despite the growing adoption by traders and investors alike, the data-driven
approach is still in its infancy. Major challenges remain to be addressed by both
individual users and the financial firms that are looking to incorporate this new
paradigm into their existing processes. The users of this new trading paradigm need
to learn how to derive actionable insights from all data available and ultimately
how to drive better trading decisions. With an enormous amount of data currently
available, it’s becoming increasingly difficult and expensive for trading firms, and
especially for individual market participants, to capture it, let alone to make use of it.

The biggest challenge is to summarize information that by its very nature is com-
plex and unstructured. This is where the latest developments in Computational Intel-
ligence and specifically in Machine Learning come into play. The new data-driven
trading paradigm is going to be a big consumer of Computational Intelligence and
Machine Learning techniques. By applying these algorithmic methods to the newly
expanded financial and alternative data sets, the data-driven paradigm is looking to
discover consistently predictive features and potentially useful patterns about the
markets beyond what is currently available from traditional financial data sources.
This new data-driven trading paradigm will create the conditions for both traders and
investors to trade more accurately and informedly.
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CHAPTER 2

The Role of Data in Trading
and Investing

“The secret to being successful from a trading perspective is to have an inde-
fatigable, an undying and unquenchable thirst for information and knowledge.”

— Paul Tudor Jones, famous investor, hedge fund manager

2.1 THE DATA-DRIVEN DECISION-MAKING PARADIGM

Due to an extraordinary wave of technological innovation our civilization has
reached a critical phase in its evolution. Because our ability to collect and analyze
massive amounts of data, conditions have been created for the development and
implementation of a new paradigm to assist the decision-making process: data-driven
decision-making.

This process is driven by several factors:

e VALUE: Due to the high costs associated with the process of collecting, cleans-
ing, and hosting data, as well as the potential future business value, organiza-
tions are considering their data as a strategic asset.

e CULTURE: Global competition forces corporations to adhere to the new data
culture, where high-quality data, broad access, and data literacy are the baseline
requirements.

e RELIABILITY: Ultimately, the decision-making process needs to become
more transparent, reproducible, and the desired business outcomes need to be
more forecast-able. Data as the single source of truth is becoming a central
theme of this new paradigm.

15



16 THE ROLE OF DATA IN TRADING AND INVESTING
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FIGURE 2.1 The data-driven process.

Having access to what one calls a single source of truth will lend higher value to
the end user of any service or product, as it does for the decision-makers. Efficiency
will be enhanced by spending less time in gathering data from across fragmented
data stores, yet allocating more time to data analysis and the extraction of actionable
knowledge. By providing a richer context about the problem domain, the users will
be better positioned to leverage their access to data and find actionable insights.

Traditionally the decision-making process was driven by individuals who could
override signals coming from data at any point in time. The so-called HiPPO, or
the highest paid person’s opinion, a term introduced by Avinash Kaushik (n.d.), are
usually the experts with decades of experience in the problem domain. They may not
see data as a relevant part of the decision-making process, especially when this data
disagrees with their preconceived notions.

Data-driven decision making is going to require a cultural change in business
practice since it will mandate migrating from the current prevailing culture, where
intuition is valued more than evidence-based metrics, to a place where data is going
to represent the main source of truth. The new data-oriented culture will promote
data as the main vehicle for objective examination and experimentation. Nevertheless,
changing the corporate culture from intuition to evidence-based metrics will require
a broad data literacy training of the workforce, from engineers and data scientists to
data-trusting managers and decision-makers.

An absolutely necessary intermediary step in creating this culture change is to
become data-informed. This translates into blending intuition and data to come up
with testable hypotheses about a business decision to be made. The qualitative aspects
will complement the quantitative ones, and vice versa.

In conclusion:

e Data is at the center of the data-driven decision-making paradigm (see
Figure 2.1). It is the primary — and sometimes the only — input required. This
paradigm relies on data alone to decide the best path forward.

e In data-informed decision-making, data is a key input among many other vari-
ables. One uses the data to build a deeper understanding of the value one pro-
vides to decision-makers.
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2.2 THE DATA ECONOMY IS FUELING THE FUTURE

The explosion of technological innovation has created a deluge of new sources of
data. The most conspicuous manifestation of this development is reflected in both the
immense volume of data produced by the digital economy and the enhanced ability
to process it.

Data is quickly becoming the fitel of the new digital economy and the algorithms
are the engines to burn this fuel (Ng 2017). What is truly remarkable is that the data
is not merely an output of the fourth industrial revolution, but it is quickly becoming
its own fuel. Data has become an asset that could be traded. Implementing a novel
methodology to evaluate the commercial value of different types of data is complex
and could have far-reaching implications.

Data is representing for the current industrial revolution what oil and steam were
for the first one: a driver of growth and change. But data, as the main by-product of
the Digital Information age is unlike any of previous resources: it can be extracted,
refined, valued, and exchanged in a variety of ways. This ever-changing process
adjusts continuously the rules that markets are operating on, and it demands new
approaches from the market participants. Today’s cloud computing infrastructure is
becoming the new refinery of the twenty-first century, where data gets collected,
refined, and monetized. In 2016, Amazon, Google, and Microsoft spent together more
than $35 billion in capital expenditure and capital leases to build this new type of
refinery according to the Wall Street Journal.

The new data economy thrives on analyzing real-time streams of generally
unstructured data: either petabytes of information generated by social media users
or the flood of data collected from hundreds of sensors in a jet engine. From heavy
equipment to consumer accessories, all sorts of devices are becoming sources of
data. Because the world is filled with connected sensors, most of the activity will
leave a digital trail wherever and whenever it happens. Some of the players in
this new space are becoming data producers, and they are usually companies that
control the data flow; some other ones are becoming aggregators and custodians
of this data. On the next layer of the data stack there are new entrants that provide
the technology platforms; this service layer is supplemented by insight providers
and data presenters, as they leverage their access to data by interfacing with
the end consumer and by creating valuable user experiences. And finally there
are prospective players who cannot immediately participate in the data economy
but who are actively looking for opportunities to play a critical role in the very
near future.

As the new data economy grows, rapid changes in both technological advance-
ments and customer expectations will transform the supply chains into very complex
ecosystems. Corporate strategies will evolve, and collaboration across ecosystems
will create novel open flows of ideas and information. Companies will define their
role in this new data economy by evaluating their potential to engage in these ecosys-
tems. As innovation is becoming more and more driven by data, there is a renewed
hope that a number of societal challenges could be addressed by this new paradigm:
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from tackling traffic congestion and improving water and air quality, to developing
novel medical diagnostics, or just to make businesses more productive.

2.2.1 The Value of Data — Data as an Asset

The participants in the first three industrial revolutions had to manage tangible assets
such as property, equipment, inventory, or cash — and eventually intellectual property.
But in today’s digital world, a new type of asset is emerging: the data. Companies are
collecting, analyzing, and reporting very large volumes of data. Data is becoming a
key metric in whether a company will remain competitive in the digital era. Collecting
and analyzing data is increasingly becoming easier and cheaper. More and more data
is being exchanged within and among the participants in the new digital economy.
This has generated a new economy built upon using data to generate value through
both internal and external means. A recent report from the Organization for Economic
Cooperation and Development (OECD 2015) estimated that the global volume of data
in 2015 was of about 8 zettabytes (8 trillion gigabytes, or 8 followed by 21 zeros), an
order of magnitude increase from 2010. The forecast for 2020 points to an increase
of up to 40 times over, as new technologies will create vast new data sets.

However, the massive volume of available data is not the only indicator of eco-
nomic value. As most of the data is unstructured (e.g. text, social media content,
pictures and videos, or the exhaust data generated as a by-product of business), its
value is very hard to assess. As long as such data is inaccessible for analysis, its poten-
tial value will remain unrealized. But the advent of recent advances in data processing
(cloud storage and computing) and algorithms will enable new economic actors to
unlock new insights from their data assets (e.g. trends, patterns, or associations).

The potential to turn data into useful business insights is the major factor in creat-
ing economic value. These insights could be used by decision-makers to optimize the
resource allocation of and tackle new business opportunities. Research (Brynjolfsson
et al. 2011) has shown that firms adopting data-driven decision-making can have a
much higher output and productivity. Data also plays an essential role in the devel-
opment of automating Machine Intelligence. These cutting-edge R&D domains hold
a significant potential for economic growth, with prognosis suggesting that by 2030,
they could increase the world GDP by a factor of 10%. The value of data is constantly
increasing at this stage of the fourth industrial revolution. Although companies like
Facebook and Google initially used the data they collected from users mainly to target
better advertising, more recently they discovered that the same data can be turned into
any number of cognitive services, some of which will generate new sources of revenue
(The Economist2017). These services could include translation, visual recognition, or
profiling someone’s personality by analyzing their purchasing behavior, all of which
can be sold to marketers.

The twenty-first-century data refiners are ready to exploit a powerful economic
engine called the data-network effect. This is the process of using data to attract
more users, who then could generate more data, which in turn could help to improve
services that will attract more users, and so on. The tech giants are pumping this
data from the most bountiful sources. The more users write comments, or otherwise
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engage via social media channels, the more the system learns about those users and the
better targeted the ads on newsfeeds could become. Data-driven startups are the trail-
blazers of the new data economy. In their quest for the digital oil, they will extract
value and turn insights into clever new services. These digital wells are becoming
attraction points for tech giants. As such, GE developed an operating system for the
industrial Internet, named Predix, to help customers control their heavy machinery.
But Predix is also a data-collection system: it pumps data from devices it is connected
to, fuses it with other data, and then trains the algorithms that can help improve the
operations or help maintain a jet engine before it breaks down.

But there is one aspect of the data economy that would look very atypical to
dealers in the oil market: if oil is the world’s most traded commodity by value,
then data by contrast, is more difficult to be traded or monetized, at least in the
current environment. The data economy may infer the existence of thriving digital
markets (The Economist 2017); but as it stands, it is currently mostly a collection
of independent silos. This absence of global markets for data is the result of the
same factors that have contributed to the creation of the data firms. All kinds of
transaction costs (e.g. information search, deal negotiation, and contract enforcing)
make it simpler and more efficient to bring these activities in-house. It is often more
profitable to generate and use data inside a company than to buy and sell it on an
open market.

Even in the era of Big Data, data streams are not yet a commodity: each stream
of information is different in terms of timeliness and completeness. This lack of
Sfungibility makes it difficult for buyers to find a specific set of data and to put a price
on it; the valuation process is poorly understood. As such there is a profound lack
of incentive to trade, as each side will worry about mispricing. As some researchers
have begun to develop data pricing methodologies, a new field called infonomics has
emerged. One of its pioneers is Professor Jim Short (2017) of the University of Cali-
fornia in San Diego. The pricing difficulty is an important reason why one firm might
find it simpler to acquire another, even if it is mainly interested in its data. In 2015,
IBM reportedly spent $2 billion on the Weather Company, just to get its hands on
mountains of weather data as well as the infrastructure to collect them. Another field
of interest is barter deals: parts of Britain’s National Health Service and DeepMind,
Alphabet’s Al division, have agreed to swap access to anonymous patient data for
medical insights extracted from them.

As an added complication in the process of valuation, and unlike oil as a com-
modity, the digital information can be copied and used by more than one customer
(or algorithm) at a time. This means that data can be eventually used for other pur-
poses than those agreed in a contract. And at the end of day, who will own the data?
Is it the manufacturer, the user, or the service provider? According to Hal Varian
(2006), Google’s chief economist, data exhibits decreasing returns to scale, that is,
each additional piece of data is somewhat less valuable and at some point collecting
more does not add anything. Google’s belief is that value is retrieved solely in the
quality of the algorithms that process the data and implicitly in the technical talent
of the firm that has developed the data. Google’s success is about recipes and not
ingredients.
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2.3 DEFINING DATA AND ITS UTILITY

“Torture the data, and it will confess to anything.”

— Ronald Coase, Nobel prize in Economics

Since data is at the core of this chapter, we need to define it. The term data is
one of the most overused terms in today’s culture. What is really the meaning of
data? According to some experts, data is a set of “unorganized and unprocessed
facts, raw numbers, figures, images, words and sounds derived from observations
or measurements.” Wikipedia (2019) defines data as “the values of subjects with
respect to qualitative and quantitative variables.” Very often, yet incorrectly, data
and information are used interchangeably. From an information theory perspective,
data is a precursor to information as characterized by its Shannon entropy measure:
The information entropy is the average rate at which information is produced by
a stochastic source of data. The word data has been present in the English language
since 1640, and it started to shine in the 1940s at the dawn of the computer era. The
origin of the word data could be found in the Latin language, where data is the plural of
datum, which means a given thing. In today’s English language, data is treated
as an undifferentiated collection (like “sand” or “rain”) and it is generally used in
the singular.

Data is a very general concept, and it is used to encode or represent information
and knowledge into formats that are suitable for processing. As a vague set of things
(facts, figures, etc.) data is generally obtained through measurements, and after it is
collected, it gets analyzed and eventually reported through visualization tools: graphs,
images, and other statistical and summarization tools. Before being processed, data
is considered to be raw data. The data cleaning process is often ambiguous and gen-
erally domain specific: outliers are removed and instrumentation errors get corrected.
Depending on the context in which data was collected (e.g. in an observational study
or as a result of a controlled experiment), causality could be inferred or not from
the data.

Data could come in different types, but the two main flavors are:

e Quantitative describes objects whose properties could be measured or valued
objectively (e.g. geometrical dimensions, areas, volumes, prices, or physical
properties such as temperature or pressure). This type of data could be con-
tinuous or discrete.

e Qualitative describes characteristics of objects that are difficult to measure,
but that can be observed in a subjective manner (e.g. smells, tastes, textures, or
attractiveness).

Another method of classifying data refers to the degree of complexity by which it
is organized and structured, and it relates to the ease of searching through it.
There are two main categories (see Figure 2.2):

e Structured is represented by repeatable patterns that make data easily search-
able by computer algorithms (e.g.. spreadsheets, databases).
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Structured data Unstructured data

FIGURE 2.2 Structured vs. unstructured data.

e Unstructured is represented in a much more complex fashion that is similar in
nature to the human language; the searching process becomes extremely chal-
lenging, sometimes unfeasible.

By blending these criteria together data could be classified in one of the following
four different categories (see Figure 2.3):

1. Numerical data is of a quantitative flavor, and it could be either discrete or
continuous.

o Continuous data represents measurable properties of objects, where their
possible values cannot be counted, but they can only be described using real
number intervals.

o Discrete data represents items that can be counted, and they could take on
possible values that can be listed in a discrete manner. The list of possible
values may be finite or infinite. When data is represented in a numeric
format, it is usually used for a quantitative representation of the object
studied.

[ Num(|erical ] @gorical

[Continuous][ Discrete ][ Normal ][ Ordinal ]

FIGURE 2.3 Types of data.



22

THE ROLE OF DATA IN TRADING AND INVESTING

With numerical data one could represent:

o Distributions on different scales (e.g. linear, log-linear, or curve-linear)

o Graphics (e.g. histograms, kernel densities, fitted distributions)

o Regression and apply methods (e.g. regularization, ridge, lasso, or boosting).

Since numerical data could be very sensitive to variance, a feature that

could come from either the measurement process or the generative process,
it is very important to ensure that one uses the proper scaling in order to
extract the optimal amount of information from the data.

. Categorical data is a form of data describing categorical variables or data that

has been converted into that form, like binned data.

Categorical data could be derived from observations made of qualitative
data that are summarized as counts or cross-tabulations, or from observations
of quantitative data grouped within given intervals. Purely categorical data
could be summarized in the form of a contingency table. Generally, in the data
analytics parlance one uses the term categorical data to any data sets that, while
containing some categorical variables, may also contain non-categorical vari-
ables. A categorical variable that can take on just two values is termed a binary
variable or dichotomous variable. Some categorical variables could take on
more than two possible values and they are called polytomous variables. Cat-
egorical variables are generally assumed to be polytomous unless otherwise
specified. Categorical data could also be classified into:

© Normal (regular) data — where observations could be assigned labels that
cannot be ordered.

© Ordinal data — where labeled observations could be ranked (put in order).
These observations could be both counted and ordered.

By using discretization one can transform continuous data into a categori-
cal form. On the other hand, techniques like regression analysis could some-
times transform categorical variables into one or more quantitative dummy
variables.

The main utility of categorical data is to encode categorical features that
are used for the Representation, Classification, and Evaluation of Machine
Learning algorithms:

© Representation — used for ordering ranks, visualizing data missingness,
re-binning, or for model selection;

o Classification — used in combination with methods such as trees, boosting,
Support Vector Machines, or Neighbor-based classifiers;

° Evaluation — used for assessing a classifier accuracy, precision, or recall,
as well as for any other parameters of the ROC-AUC (Receiver Operating
Characteristic—Area Under the Curve) or Confusion matrix.

Textual or Linguistic data is an unstructured type of data, and it comprises
speech and text databases, lexicons, text corpora, and other metadata-added
textual resources used for language and linguistic research. Given the unstruc-
tured nature of textual data, its analysis is very complex.
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Extracting knowledge from textual data requires special text analytics tools
such as Natural Language Processing or Computational Linguistics. These ana-
lytics tools could be used to assess the mood of a tweet or the truthfulness of a
product review. In a clinical setting, text analysis can add context to test results
and other forms of quantitative medical data.

Typical applications of this kind of unstructured data are:

° Analyzing clinical notes from a healthcare records database
o Sentiment analysis using social media data feeds

o Quantitative and qualitative analysis of financial markets based on newsfeed
information
The process of textual data analysis includes Extraction and Normalization
of linguistic features, from orthographic features, to semantic and lexical ones.
Through a technique called vectorization, linguistic features could be trans-
formed into either numerical or categorical features, therefore structuring data
that is unstructured in nature.

4. Visual data is a structured type of data, and it encodes features such as color,
intensity, texture, or shape. Visual data is generally collected from light sensors,
including cameras, scanners, and devices such as the Microsoft Kinect.

According to numerous medical studies, the human brain responds to and
processes visual data much better than any other type of data. The human
brain processes images 60,000 times faster than text, and more than 90 per-
cent of information transmitted to the brain is visual. Since humans are visual
by nature, one could use this skill to enhance data processing and organiza-
tional effectiveness. Visual data analysis is becoming a large field of research
and development, and it includes techniques such as segmentation, convolution,
smoothing, or pattern matching.

Visual analytics has become an integrative approach by combining visual-
ization, psychology, and data analysis. Besides visualization and data analysis,
areas of cognition and perception play an important role in the communica-
tion between the human and the computer, as well as in the decision-making
process.

This goal of this section is to define data in the context of knowledge extraction and
to define its main categories. Finding one definition for data that fits all its possible
uses is not practical, and therefore the idea is to define data in the context of its use.

I will define data as the artifact employed to encode the surrounding reality. It is
an orthogonal dimension to the concept of Algorithm, which is the complementary
device used to decode or understand the world around us.

From a physicist’s perspective, data is nothing more than a messenger of the sur-
rounding reality and a reflection of its phenomena. From a computer scientist’s per-
spective, data is an encoding for the properties of the objects that one studies.

The next step in our journey to understand the utility of data is to seek the
ultimate reward — extracting actionable Intelligence from data via a process that
is quite often misunderstood and very opaque. On its own, data is nothing more
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than meaningless noise that needs to be captured, filtered, and analyzed in order to
decipher from it the true meaning of the process that generates it. More often than
not the generative process is hiding behind the scenes and can be brought to light.

2.4 THE JOURNEY FROM DATA TO INTELLIGENCE

The ability to extract actionable insights from data is absolutely critical to the dis-
covery and innovation process. The last decade has seen the emergence of a new
interdisciplinary field labeled Data Science (see Figure 2.4).

This relatively new discipline, according to Wikipedia, uses “scientific methods,
processes, algorithms and systems to extract knowledge and insights from structured
and unstructured data.” From a practical perspective Data Science studies the
processes and systems that could enable the extraction of actionable insights from
data. Data Science has evolved as an interdisciplinary field that integrates approaches
from statistics (e.g. data mining and predictive analytics) with advances in scalable
computing and data management. As a discipline, Data Science is only in its
infancy.

The raison d’étre for Data Science is to accomplish a very lofty goal: extracting
actionable Intelligence from Data in order to drive better business decisions!

For this goal to become a reality, a lot of effort has to be directed toward under-
standing the process of how data could lead to business intelligence (see Figure 2.5).
Modeling this very complex transformation involves distilling Data into meaning-
ful Information and encoding it into Knowledge to eventually achieve the desired
outcome: actionable Intelligence.

The journey from raw Data to Intelligence (see Figure 2.6) is the subject of
this section. This evolutionary process was studied for some time and there are
several frameworks that have been proposed. From Kenneth Boulding (1955) in
the 1950s, to Russell Ackoff (1989) in the 1980s, many researchers attempted
to model the transformation of Data into a superior form, Intelligence (Schoech
et al. 2002).

e This metamorphosis starts with the capturing of signals from the environment
in its rawest and most unfiltered form: the Data. This digital ore could be a
set of symbols, a signal, or just a collection of facts. The output of the initial
distillation process, coupled with the contextualization of the Data, will identify
patterns that in turn will be structured into Information.

Data
Science

' 4

FIGURE 2.4 Data science.
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FIGURE 2.5 From perception to intelligence.

Information is the output of the distillation process that aims at the structure of
the Data and its functionality. Once Data is contextualized and structured into
Information, a set of rules could be devised, and models could be inferred. This
will engender predictability and the informational patterns will be encoded into
Knowledge.

The study of Knowledge is a very old branch of Sciences, called Epistemology.
An even more modern discipline called Epistemetrics was recently developed;
it deals with the theory of Knowledge from a quantitative perspective. Professor
Nicholas Rescher (2006) is one of its main promoters.

Once Knowledge (or the know-how) is devised, the ability to apply it to
real-world problems becomes the ultimate goal — thus achieving Intelligence.
Knowledge is a very valuable asset, but its value degrades as technologies get
obsolete and are replaced by newer ones. Intelligence needs to be sustainable
and extend beyond temporal barriers. Although Einstein once said that “the
true sign of Intelligence is not Knowledge but imagination,” there is a very
powerful causality relationship between Knowledge and Intelligence.
Intelligence is defined as the ability to use Knowledge to solve problems, to be
creative, to adapt to new situations, and to learn from past experiences. It is a
purely human trait and the main goal of Data Science is to create the tool set to
achieve it (see Figure 2.6).

Achieving Intelligence creates the conditions to eventually crystalize everything
into the highest form of human ability: Wisdom. Wisdom is also known as the
know-why factor, or the ability to achieve progress. Wisdom implies the avail-
ability of sound judgment that in turn will drive the decision-making process.

The term Business Intelligence has been around for some time, and it was
defined as “a set of theories, methodologies, architectures, and technologies that
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FIGURE 2.6 Journey from data to intelligence. Source: Anthony Liew (2013), DIKIW: data, infor-
mation, knowledge, intelligence, wisdom, and their interrelationships. Business Management Dynamics 2
(10): 49-62. Licensed under CC-BY-3.0.

transform raw data into meaningful and useful information for business analy-
sis purposes.” Figure 2.6 summarizes the transformation process from Data to its
most refined form, Wisdom:

e Data

Probably the most challenging element to define in this transformation
process is the starting layer, the Data. Data is sometimes considered as
the know-nothing element, because the usability of this un-refined form is
pretty limited. Rowley described Data as being “a discrete, objective set of
observations, which are unorganized and unprocessed and therefore have
no meaning or value because of lack of context and interpretation” (Rowley
and Hartle 2006). Although most of the definitions relate to the abstract
nature of Data, different categories of abstractions could be used based on the
data type:

o Symbols are placed at the highest level of abstraction in this layer, and they
represent properties of objects that are encoded as numbers, graphs, images,
or words. These symbols are the building blocks of the communication pro-
cess and they have to be captured and stored with the purpose of modeling
and understanding the processes that are responsible for their generation.
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o Signals are situated more in the subjective domain because they are generated
either by sensors or perceived through our senses (i.e. light, sound, smell,
taste, or touch). This type of subjective data is related with a special type
of knowledge, Experiential Knowledge, or knowledge by acquaintance that
is based on direct experience of stimuli, and less on factual data (Zins and
Chaim 2007).

o Facts are a special type of data that is considered to be factually true because
it reflects an objective reality and it can be verified. This would eliminate
any false, meaningless, or nonsensical data, and as such the principle
of garbage in—garbage out would not be accounted for.

No matter the category of data abstraction, the distillation process will
result in a superior form which will be structured, organized, and useful: the
Information.

e Information
The distillation process is driven by interrogative questions, of which the first
one is the what? question. Answering this question will reveal relationships
and it will detect patterns in very descriptive forms. Once Data is endowed with
meaning and purpose it becomes Information.

According to Rowley, Information is the outcome of “organized or structured
data, which has been processed in such a way that the information now has
relevance for a specific purpose or context, and is therefore meaningful, valu-
able, useful and relevant” (Rowley and Hartle 2006). As such, the relationship
between Data and Information could be seen either as functional or just struc-
tural, depending on whether one is interested in the dynamics of the process.
Depending on the data abstraction used (e.g. symbolic, factual, or subjective),
the generated Information could be of a symbolic or of a subjective type, or a
combination of the two. Sometimes Information is also equated to know-what.

e Knowledge
Knowledge is a much more abstract and complex concept than Information.
Let’s just think about how to measure it. Probably the simplest definition is that
Knowledge is like a map of the world imprinted in the human brain. This map
helps one to know where Information is located. It also contains one’s beliefs
and expectations (e.g. “If I do this, I will probably get that”). The brain links all
the information together into a giant network of ideas, memories, predictions,
and beliefs.

The decision-making process is usually grounded on this map and not on
factual realities. The human brain is constantly updating this map from the
signals coming from the sensorial receptors. The most natural place to store
Knowledge is in the brain, because the brain connects all acquired information
together. Comparatively, computers do not understand what they are process-
ing, and they cannot make independent decisions based on the inputs — therefore
computers do not exhibit “consciousness” in the human sense.

Although humans have studied Knowledge since ancient times (Plato’s
dialogues) through Epistemology, the modern definition is grounded on the
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concept of Information. Some definitions refer to Knowledge as Information
that was processed or organized such that it could be applied or put into
action. Answering the why? question is going to reveal the patterns that
will synthetize the contextualized data (a.k.a. Information). But probably the
most quoted definition of Knowledge is a “mixture of experience, values,
contextual information, expert insight and grounded intuition that provides an
environment and framework for evaluating and incorporating new experiences
and information.” Wallace (2007) notes that Knowledge “becomes embedded
not only in documents and repositories but also in organizational routines,
processes, practices and norms.” Internalized Information is becoming Knowl-
edge and as such it could be seen as the “synthesis of multiple sources of
information over time, and the organization and the processing necessary to
convey understanding, experience and accumulated learning” (Rowley and
Hartle 2006).

Knowledge could be procedural, i.e. know-how, know-who, or know-when,
but also propositional, which relates more to the subjective realm, or belief
structuring. According to ancient Greek philosophers, Knowledge is charac-
terized by an “individual’s justifiable belief that it is considered to be true.”
The distinction here between subjective Knowledge and subjective Informa-
tion is that the former is characterized by justifiable belief while the latter is a
description for the meaning of data.

o Intelligence as a concept is usually defined in a very loosely fashion. Amer-

ican Psychologist R.J. Sternberg once said that “there seem to be almost
as many definitions of intelligence as there were experts asked to define
it” (Sternberg 1998). Despite a long history of research and debate, there
is still no standard definition of intelligence. There are some experts who
believe that intelligence may be approximately described but cannot be fully
defined.
Let’s explore some of the most commonly accepted definitions of
Intelligence:
o “The ability to use memory, knowledge, experience, understanding, reason-
ing, imagination and judgement in order to solve problems and adapt to new
situations” — AllWords Dictionary (2006).

o “The capacity to acquire and apply knowledge” — American Heritage Dictio-
nary, 4th ed. (2000).

o “The ability to learn, understand and make judgments or have opinions that
are based on reason” — Cambridge Advance Learner’s Dictionary (2006).

o “The ability to adapt effectively to the environment, either by making
a change in oneself or by changing the environment or finding a new
one ... Intelligence is not a single mental process, but rather a combination
of many mental processes directed toward effective adaptation to the
environment” — Encyclopedia Britannica (2006).
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o “Intelligence is a very general mental capability that, among other things,
involves the ability to reason, plan, solve problems, think abstractly,
comprehend complex ideas, learn quickly and learn from experience” —
common statement with 52 expert signatories (Gottfredson 1997).

There are also more specialized definitions coming from either psychol-
ogists or Artificial Intelligence experts (Legg and Hutter 2007). In layman
terms, Intelligence is generally defined as “the ability to achieve complex
goals.” This definition comes down to two important concepts: understanding
and complexity.

A typical example is solving a puzzle game. The individual pieces are
simple units, very easy to define and manipulate. What makes the problem
highly complex is the understanding of how the pieces are related to each
other. Therefore a more accurate definition for Intelligence would be “the
ability to achieve difficult goals by understanding the parts that form the main
goal.” Examples of complex goals:

o Sensorial: seeing, hearing, touching
© Actions: moving
o Cognitive: learning, understanding

e Wisdom or Understanding could be formulated as the “ability to transform
complexity into simple useful information.”

This process involves the decoding of the relationships between the con-
stituent parts that form the complex unitary item that represents the complex
goal to be achieved. And this process is called modeling. The process of under-
standing the surrounding reality consists of creating a higher-level representa-
tion that will describe the things one is seeing, hearing, or feeling, but not the
actual real thing.

Human Intelligence could be summarized as follows:

e Modeling the surrounding reality and understanding its parts.
e Transforming the raw Data into useful and simple Information.

e Understanding how these parts form more complex relationships, accomplish-
ing at the outset the difficult goals.

Generating intelligent decisions from Data is the ultimate goal of Data Science.
From a business point of view, this comes down to solving problems, or to Action-
ability. The tool set that Data Science employs covers a large array of domains, from
Mathematics to Computer Science and Scientific methods. It involves the generation
of hypotheses, the design of experiments and tests through the analysis of data, and
the development of predictive models. Once enough value is generated from Data, its
associated Information, and the acquired Knowledge, one could employ the degree
of Intelligence achieved to answer more questions such as What is best? and How to
optimize? (see Figure 2.7).
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DECISIONS WHAT ACTION?

change reveals direction

purpose FUTURE
INTELLIGENCE WHAT IS BEST?
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insight
WHY?
KNOWLEDGE reveals
learning context patterns
meaning PA S T
INFORMATION WHAT?
structure reveals
relationships
context
DATA
signal generated

FIGURE 2.7 The questions to ask.

2.5 THE UTILITY OF DATA IN TRADING AND INVESTING

The impact that Big Data is making in the financial world today has the proportions of
a tsunami. Technology is developing at an exponential rate and the consequences are
far-reaching. Solving problems of increasing complexity demands more high-quality
data and better algorithms for processing. These new trends are positioning the finan-
cial industry in a new post-digital revolution era.

Human activity worldwide is creating several quintillions bytes of data daily, and
this represents a unique opportunity for processing, analyzing, and leveraging the
information in ways that were not available until very recently. Machine intelligence
and algorithmic techniques are increasingly being used in financial trading and
investing to process vast amounts of data and generate predictions and decisions that
humans may not have the capacity for.

As many other human endeavors, financial trading and investment rely
on accurate inputs being fed into business decision-making models. Traditionally,
the decision-making process was driven by numbers handled by humans and
decisions were made based on inferences drawn from perceived risks and trends.
Nowadays, this functionality is provided by informatics systems that could compute
at massive scale and draw Intelligence from a multitude of sources to arrive at more
accurate conclusions practically instantaneously.

In recent years, both Data Science and Machine Learning have become the main
directions in which the financial industry is betting its future. According to Bacoy-
annis and collaborators (Bacoyannis et al. 2018), there are three distinct cultures of
data-centric applications in quantitative finance:
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e Data modeling culture
e Machine Learning culture
e Algorithmic decision-making culture

The Data modeling culture is characterized by the fact that the financial markets
could be described as a black boxes employing relatively simple models that are fed
by observational market data. The task of the data modeling practice is to find an
approximate functional approximation for this data-generating process (a quantitative
model) and to extract its parameters from the data. The model output is then fed
into a decision-making process. Although the approach may look straightforward, the
complexity of the financial markets and the collective behavior of market participants
pose very serious challenges to the data modeling culture. Such simple models are
prone to serious failures because they do not properly capture the essential properties
of the environment and may often give a false sense of certainty.

The Machine Learning culture takes an agnostic approach to the question
whether financial markets are simple. From an empirical perspective, the world of
finance looks more Darwinian than Newtonian since it is constantly evolving. From
this perspective the processes that are responsible for generating the observed market
data could be described as emerging behaviors rather than just data-generating
machines. In this approach “complex and sometimes opaque functions are used to
model the observations” (Bacoyannis et al. 2018). The functions inferred by the ML
techniques do not generally reveal the nature of the underlying processes. As in the
Data modeling culture, Machine Learning models are built and their outputs are fed
into decision-making processes. Complex ML models are prone to failures that are
due to the phenomenon of over-fitting; thus, the risk of the model failure increases
with its complexity.

In the Algorithmic decision-making culture the focus is on decision-making
rather than on model-building. By bypassing the stage of learning how the world
works, this technique proceeds directly to training agents to distinguish good deci-
sions from bad decisions. This approach presents its own challenges due to the gen-
eral inability to understand and explain the decisions that the algorithmic agent takes.
In this approach the agent learns that certain actions are to be avoided because they
lead to negative outcomes. The users of this technique still have to impose constraints
that will steer the agent away from taking actions which may be viewed as prohibited
but which the agent cannot learn from its environment or its history.

There is a large variety of use cases that could have a high impact on the adoption
of these methodologies by the industry as a whole:

e The use of Big Data analytics to feed financial models
Financial analytics is no longer just the narrow exploration of prices and
their dynamics, but it incorporates the fundamentals that affect prices, the polit-
ical and societal trends, as well as any available signals that could augment the
understanding of the problem space. The use of Big Data in the context of finan-
cial analytics could be accomplished by predictive models that estimate the rates
of return and probably outcomes on investments. Expanding the access to big
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data will provide more accurate predictions and therefore the ability to mitigate
more effectively the inherent risks associated with financial trading. This ongo-
ing data revolution will expand the realm of applicability for machine trading
beyond the current limited range of high frequency trading, where ultra-short
time processing is of the essence. In general Big Data requires much longer
processing times, and as a result a new automated trading paradigm is devel-
oping: market participants will take advantage of accurate extrapolations made
possible by models fed by very large amounts of data.

The use of real-time analytics

Algorithmic trading is about executing trades at speeds and frequencies
that humans cannot operate on. This trading paradigm utilizes the best possible
prices, generates trades on very specific timelines, and mitigates the risk of
manual errors that could emerge due to behavioral mishaps. The advent of
real-time analytics has the potential to improve the applicability of algorithmic
techniques at time frames that are a lot longer than the usual microsecond
level of the HFT. It will also affect the markets by leveling the playing field
and providing all market participants with access to powerful information. The
advent of real-time analytics could provide algorithmic trading with almost
limitless capabilities. A variety of data could be employed to drive trading
decisions, from the traditional structured data (prices and volumes), to a more
unstructured one such as social media content, consumer data, or satellite
imagery.
The use of Machine Learning

The use of the term Machine Learning is becoming ubiquitous in today’s
financial industry landscape. But as far as realizing a deep and long-lasting
impact on the financial sector, Machine Learning has a long way to go. Its
full potential has not yet been realized, although the prospects for its appli-
cability are immeasurable. Machine Learning is supposed to enable computing
systems to effectively learn from data and make decisions based on the newly
acquired information. The data-driven decision-making paradigm will mitigate
the human emotional response from trading models and will generate decisions
based on information without bias.

Automated Risk Management

Risk management is a mission critical area for all financial institutions, since
itis responsible for company’s security, trustworthiness, and strategic decisions.
Since the last financial crisis, the approaches to handling risk management have
changed significantly, transforming the finance sector in a fundamental fashion.
Risk could arise from many sources, such as competitors, investors, regulators,
or company’s customers. Also, risk could be stratified by its importance and its
potential for losses.

The reliance on Data Science as the main toolset to take advantage of
the Big Data equates to identifying, prioritizing, and monitoring the risk
factors. Training ML models on large amounts of customer data, financial
lending, or insurance results could improve the risk-scoring models but are also
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expected to enhance cost efficiency and sustainability. Probably one of the most
important applications of Data Science and Machine Learning in Risk Man-
agement is identifying the creditworthiness of potential customers. To establish
the appropriate credit amount for a particular customer, ML algorithms are
used to analyze past spending behavior and detect behavioral patterns. The
process of digitalization and automatization of Risk Management workflows
is in the early stages, but the potential is considerable. The financial industry
will need to undergo structural changes in order to prepare for the large-scale
automation of its core financial processes. This will require improving the
analytical skills of its workforce and making strategic technology investments.

e Data Management
For many financial firms, data is arguably the most important resource after
its human and financial capital. Therefore, efficient data management is as
important as human capital or financial capital management. Financial firms
are spending a lot on improving their data management infrastructure and on
educating their workforce to use it efficiently.

e Consumer Analytics
For financial firms that are interacting with clients on a regular basis,
real-time analytics will facilitate a better understanding of their customers
and allow for effective personalization. Complex ML algorithms and cus-
tomer sentiment analysis techniques could generate insights from clients’
behavior, social media interaction, their feedback and opinions, and improve
personalization and ultimately enhance the bottom line.

¢ Fraud Detection

Guaranteeing the highest level of security to its users is today a very strict
legal requirement for any business in the financial sector. Fraud detection sys-
tems are tools for the detection or the prevention of any anomalies in user
behavior. Examples could be generating alerts for unusual financial purchases
or for large cash withdrawals that will lead to blocking those actions, until the
customer confirms them. In the financial trading sector, ML tools could identify
patterns in trading data that might indicate manipulations and alert enforcement
agencies to investigate.

The trading industry is a very competitive field of endeavor, and it will always
continue to be. Maintaining a competitive advance in this landscape is the principal
tool to survive, and as such this new era of Big Data is considered to be another
lifesaver. If a couple of decades ago digitalization was the name of the game, today the
buzzwords du jour are Big Data and Al. In reality the financial industry is looking for
novel ways to increase productivity by generating better returns through automation
and cost reductions. In 2015, Thomson Reuters reported that their data customers
were mostly machines, and therefore they were providing more information to be fed
directly into algorithms than to humans to make their own informed decisions. This
trend will likely continue at an increasing rate.

The reliance on Big Data is also evident in the world of Asset Management
and investment in general. Investors, both high-net-worth individuals as well as
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firms, are focused on creating data-driven investment models that can objectively
evaluate public companies globally through the use of both classic and alternative
financial data. Historically these investment models have utilized large sets of
company-specific data like publicly available financial statements, as well as market
data like prices, returns, and volumes. But the availability of nontraditional data
sources such as Internet web traffic, consumer data, patent filings, social media
content, and satellite imagery has created the conditions to use more specialized data
to gain an informational edge and make more informed investment decisions.

The new era of Big Data has created tremendous business opportunities not just
for financial firms, but especially for technology solution vendors. Big Data does not
refer to just the data itself but also to a set of technologies that capture, store, man-
age, and analyze large and variable collections of data to solve complex problems.
The proliferation of real-time and historical data from sources such as the web, con-
nected devices, sensors, social media, and transactional applications has generated
a Big Data boom that is aggressively promoted by a diverse range of vertical sec-
tors. Market research studies (Research and Markets 2018) estimate that Big Data
investments in the financial services industry accounted for about $9 billion just in
2018 alone. This demand was driven by a variety of business opportunities for banks,
insurers, credit card and payment processing specialists, asset and wealth manage-
ment firms, lenders, and other stakeholders. These investments are expected to grow
at a compound annual growth rate (CAGR) of approximately 17% over the next
three years.

The mainstream of traditional financial services are more attuned to the idea of
adopting cloud-based platforms in an attempt to alleviate the technical and scalability
challenges associated with the on premise Big Data environments. At the same time,
Big Data technologies are playing a very important role in the success of innovative
FinTech startups, most notably in the alterative insurance and money transfer sectors.
In addition to utilizing traditional data sources, the financial industry is increasingly
becoming reliant on alternative sources of data —ranging from social media to satellite
imagery — that can provide previously hidden insights for multiple application areas
including data-driven trading and investments, or credit scoring.

2.6 THE ALTERNATIVE DATA AND ITS USE IN TRADING
AND INVESTING

Alternative data refers to a wide variety of data used to obtain insight into the invest-
ment process. Alternative data sets contain information about a particular business
that is published by sources outside of the company and which can provide unique
and timely insights into investment opportunities. Alternative data sets are generally
classified as Big Data, since they may be very large and complex and often cannot be
handled by traditional databases.

The alternative data sets could be compiled from a variety of sources, but they are
generally by-products of individual business operations, which are often less readily
accessible and less structured than traditional sources of data. They are also known
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as exhaust data. In recent years many data brokers and aggregators, together with
other intermediaries, began specializing in providing alternative data to investors and
analysts. Alternative data has become today a very fashionable tool for investment
management firms seeking alpha. Although this field is still in its early phases of
development, investment managers participate more and more in this new paradigm.

The process of extracting benefits from alternative data could be very challeng-
ing. The technologies employed for processing such data are relatively new and most
institutional investors do not have the capabilities to integrate alternative data into
their investment decision process. However, by choosing the appropriate set of tools
and strategies, investment managers could alleviate costs while creating a solid com-
petitive advantage.

Examples of alternative data sets:

e Geolocation (business traffic)

e Financial transactions: credit card, point of sales, websites

e Social media content: images, videos, posts

o Satellite imagery: parking lots, store traffic, weather, shipping container traffic
e News outlets

e Product reviews and customer feedback

e Web traffic

e Public records: SEC filings, press releases, the Internet

e Private information: presentations, internal reports, consumer data, etc.

All these alternative data sets could be acquired through different methods:

e Raw data acquisition
e Web scrapping
e Third-party licensing

The main factors that are taken into account when analyzing alternative data are:

Structure or lack thereof: CSV, JSON vs. text or images

History, in a time-series form

Granularity, or the level of aggregation detail (usually time)

Coverage: local vs. global

Scarcity or the frequency of overloading with financial-specific information

When it comes to investing, the name of the game is Information. Keeping up
with the competition or outperforming in an increasingly competitive market requires
that both institutional and retail investors alike are always on the lookout for crucial
information that will give them the desired edge. Information could come in a variety
of forms: from traditional financial data, to the rapidly expanding offering available
in the form of alternative data. Unlike the traditional data sources, alternative data
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is information collected and utilized in an investment strategy that does not come
directly from the company in question.

According to Deloitte (2017), “The lure of alternative data sets is largely the poten-
tial for an information advantage over the market with regard to investment decisions.
True information advantage has occurred at various times in the history of securities
markets, and alternative data seem to be just the most recent manifestation ... Speed
and knowledge are advancing with the use of advanced analytics, and there will be
no waiting for laggards, no turning back.”

A recent study by Greenwich Associates (Johnson 2018) found that more than
60% of traditional asset managers and nearly 75% of hedge funds are already using
social media — a rich source of alternative data — as part of their investment process.
One major driver is represented by the transition of multifactor analysis from statisti-
cal models to Machine Learning. Gaining new insights into the alternative data may
represent a competitive advantage in harvesting more alpha.
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