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—Alternative datais one of the hottest topics in the investment management industry today.
Whether it is used to forecast global economic growth in real time, to parse the entrails of a
company with more granularity than that offered by a quarterly report, or to better understand
stock market behaviour, alternative data is something that everyone in asset management
needs to get to grips with. Alexander Denev and Saeed Amen are able guides to a convoluted
subject with many pitfalls, both technical and theoretical, even for those who still think
Python is a snake best avoided.|l

I Robin Wigglesworth, Global finance correspondent, Financial Times.

—€ongratul ations to the authors for producing such atimely, comprehensive, and accessible
discussion of alternative data. Aswe move further into the twenty-first century, this book will
rapidly become the go-to work on the subject.ll

I Professor David Hand, Imperial College London

—Over the last decade, alternative data has become central to the quest for temporary
monopoly of information. Yet, despite its frequent use, little has been written about the end-
to-end pipeline necessary to extract value. This book fills the omission, providing not just
practical overviews of machine learning methods and data sources, but placing as much
importance on data ingestion, preparation, and pre-processing as on the models that map to
outcomes. The authors do not consider methodology alone, but also provide insightful case
studies and practical examples, and highlight the importance of cost-benefit analysis
throughout. For value extraction from alternative data, they provide informed insights and
deep conceptual understanding| crucial if we are to successfully embed such technology at
the heart of trading.ll

I Stephen Roberts, Royal Academy of Engineering/Man Group Professor of Machine
Learning, University of Oxford, UK, and Director of the Oxford-Man Institute of
Quantitative Finance

—Frue investment outperformance comes from the triad of data plus machine learning plus
supercomputing. Alexander Denev and Saeed Amen have written the first comprehensive
exposition of alternative data, revealing sources of alphathat are not tapped by structured

datasets. Asset managers unfamiliar with the contents of this book are not earning the fees
they charge to investors.li

I Dr. Marcos Liipez de Prado, Professor of Practice at Cornell University, and CIO at True
Positive Technologies LP

—Alexander and Saeed have written an important book about an important topic. | am
involved with aternative data every day, but | still enjoyed the perspectives in the book, and
learned alot. | highly recommend it to everybody looking to harness the power of alt data
(and avoid the pitfalls!).l

I Jens Nordvig, Founder and CEO of Exante Data
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Preface

Data permeates through our world, in ever increasing amounts. This fact aloneis not
sufficient for data to be useful. Indeed, data has no utility, if it is devoid of information,
which could aide our understanding. Data needs to be insightful for it to be of use and it also
needs to be processed in the appropriate way. In the pre-Big Data age days, statistics such as
averages, standard deviation, correlations were calculated on structured datasets to illuminate
our understanding of the world. Models were calibrated on (a small number of) input
variables which were often well —anderstoodll to obtain an output via well-trodden methods
like, say, linear regression.

However, interpreting Big Data, and hence alternative data, comes with many challenges. Big
Datais characterized by properties such as volume, velocity and variety and other Vs, which
we will discussin thisbook. It isimpossible to calculate statistics, unless datasets are well
structured and relevant features are extracted. When it comes to prediction, the input
variables derived from Big Data are numerous and traditional statistical methods can be
prone to overfitting. Moreover, nowadays cal culating statistics or building models on this
data must be done sometimes frequently and in adynamic way to account for the always
changing nature of the datain our high frequency world.

Thanks to technologica and methodological advances, understanding Big Data and by
extension alternative data, has become a tractable problem. Extracting features from messy
enormous volumes of data is now possible thanks to the recent developmentsin artificial
intelligence and machine learning. Cloud infrastructure allows elastic and powerful
computation to manage such data flows and to train models both quickly and efficiently.
Most of the programming languages in use today are open source and many such as Python
have alarge number of libraries in the sphere of machine learning and data science more
broadly, making it easier to develop tech stacks to number crunch large datasets.

When we decided to write this book, we felt that there was a gap in the book market in this
area. This gap seemed at odds with the ever growing importance of data, and in particular,
alternative data. We live in aworld, which isrich with data, where many datasets are
accessible and available at arelatively low cost. Hence, we thought that it was worth writing
alengthy book to address how to address the challenges of how to use data profitably. We do
admit though that the world of aternative dataand its use cases is and will be subject to
change in the near future. As aresult, the path we paved with this book is also subject to
change. Not least the |abel —alternative datall might become obsolete as it could soon turn
mainstream. Alternative data may simply become —datall. What might seem to be great
technological and methodological feats today to make alternative data usable, may soon
become trivial exercises. New datasets from sources we could not even imagine could begin
to appear, and quantum computing could revolutionise the way we look at data.

We decided to target this book at the investment community. Applications, of course, can be



found elsewhere, and indeed everywhere. By staying within the financial domain, we could
also have discussed areas such as credit decisions or insurance pricing, for example. We will
not discuss these particular applicationsin this book, as we decided to focus on questions that
an investor might face. Of course, we might consider adding these applications in future
editions of the book.

At the time of writing, we are living in aworld afflicted by COVID-19. It isaworld, in
which it is very important for decision makers to make the right judgement, and furthermore,
these decisions must be done in atimely manner. Delays or poor decision making can have
fatal consegquences in the current environment. Having access to data streams that track the
foot traffic of people can be crucial to curb the spread of the disease. Using satellite or aeria
images could be helpful to identify mass gatherings and to disperse them for reasons of
public safety. From an asset manager's point of view, creating nowcasts before officia
macroeconomic figures and company financial statements are released, results better
investment decisions. It is no longer sufficient to wait several months to find out about the
state of the economy. Investors want to have be able to estimate such points on avery high
frequency basis. The recent advances in technology and artificial intelligence makes all this
possible.

So, let us commence on our journey through alternative data. We hope you will enjoy this
book!
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CHAPTER 1
Alternative Data: The Lay of the Land

1.1 INTRODUCTION

Thereis a considerable amount of buzz around the topic of aternative datain finance. In this
book, we seek to discuss the topic in detail, showing how alternative data can be used to
enhance understanding of financial markets, improve returns, and manage risk better.

This book isamed at investors who are in search of superior returns through nontraditional
approaches. These methods are different from fundamental analysis or quantitative methods
that rely solely on data widely available in financial markets. It is also aimed at risk managers
who want to identify early signals of events that could have a negative impact, using

information that is not present yet in any standard and broadly used datasets.!

At the moment of writing there are mixed opinions in the industry about whether alternative
data can add any value in the investment process on top of the more standardized data
sources. There is news in the press about hedge funds and banks who have tried, but failed to
extract value from it (see e.g. Risk, 2019). We must stress, however, that the absence of
predictive signalsin alternative data is only one of the components of a potential failure. In
fact, we will try to convince the reader, through the practical examples that we will examine,
that useful signals can be gleaned from alternative datain many cases. At the sametime, we
will also explain why any strategy that aims to extract and make successful use of signalsisa
combination of algorithms, processes, technology, and careful cost-benefit analysis. Failure
to tackle any of these aspectsin the right way will lead to afailure to extract usable insights
from alternative data. Hence, the proof of the existence of asignal in a dataset is not
sufficient to benefit from a superior investment strategy, given that there are many other
subtle issues at play, most of which are dynamic in nature, as we will explain | ater.

In this book, we will also discussin detail the techniques that can be used to make aternative
data usable for the purposes we have aready noted. These will be techniques belonging to
what are labeled today as the fields of Machine Learning (ML) and Artificia Intelligence
(Al). However, we do not want to give the upfront impression of being unnecessarily
complex, with these —sophisticatedll catchall terms. Hence, we will also include simpler and

more traditional techniques, such as linear and logistic regression,? with which the financial
community is already familiar. Indeed, in many instances simpler techniques can be very
useful when seeking to extract signals from alternative datasets in finance. Nevertheless, this
is not a machine learning textbook and hence we will not delve in the details of each
technique we will use, but we will only provide a succinct introduction. We will refer the
reader to the appropriate texts where necessary.

Thisis also not abook about the technology and the infrastructure that underlie any real-



world implementations of alternative data. These topics encompassing data engineering are
still, of course, very important. Indeed, they are necessary for anything found to be asignal in
the data to be of any useinreal life. However, given the variety and the deep expertise
needed to treat them in detail, we believe that these topics deserve abook on their own.,
Nevertheless, we must stress that methodol ogies that we use in practice to extract asignal are
often constrained by technological limitations. Do we need an algorithm to work fast and
deliver resultsin amost real time or can we live with some latency? Hence, the type of
algorithm we choose will be very much determined by technological constraints like these.
We will hint at these important aspects throughout, although this book will not be, strictly
speaking, technological.

In this book, we will go through practical case studies showing how different alternative data
sources can be profitably employed for different purposes within finance. These case studies
will cover avariety of data sources and for each of them will explorein detail how to solve a
specific problem like, for example, predicting equity returns from fundamental industrial data
or forecasting economic variables from survey indices. The case studies will be self-
contained and representative of awide array of situations that could appear in the real-world
applications, across a number of different asset classes.

Finally, this book will not be a catalogue of all the alternative data sources existing at the
moment of writing. We deem thisto be futile because, in our dynamic world, the number and
variety of such datasets increase every day. What is more important, in our view, isthe
process and techniques of how to make the available data useful. In doing so, we will be
quite practical by also examining mundane problems that appear in sieving through datasets,
the missteps and mistakes that any practical application entails.

Thisbook is structured as follows. Part | will be a general introduction to alternative data, the
processes and the techniques to make it usable in an investment strategy. In Chapter 1, we
will define alternative data and create ataxonomy. In Chapter 2 we will discuss the subtle
problem of how to price datasets. This subject is currently being actively debated in the
industry. Chapter 3 will talk about the risks associated with alternative data, in particular the
legal risks, and we will also delve more into the details of the technical problems that one
faces when implementing alternative data strategies. Chapter 4 introduces many of the
machine learning and structuring techniques that can be relevant for understanding
aternative data. Again, we will refer the reader to the appropriate literature for amorein-
depth understanding of those techniques.

Chapter 5 will examine the processes behind the testing and the implementation of
aternative data signals-based strategies. We will recommend a fail-fast approach to the
problem. In aworld where datasets are many and further proliferating, we believe that thisis
the best way to proceed.

Part Il will focus on some real-world use cases, beginning with an explanation of factor
investing in Chapter 6, and a discussion of how alternative data can be incorporated in this
framework. One of the use cases will not be directly related to an investment strategy but isa
problem at the entry point of any project and must be treated before anything else is



attempted| missing data, in Chapters 7 and 8. We also address another ubiquitous problem
of outliersin data (see Chapter 9). We will then examine use cases for investment strategies
and economic forecasting based on a broad array of different types of alternative datasets, in
many different asset classes, including public markets such as equities and FX. We aso ook
at the applicability of alternative data to understand private markets (see Chapter 20), where
markets are typically opagquer given the lack of publicly available information. The
alternative datasets we shall discuss include automotive supply chain data (see Chapter 10),
satellite imagery (see Chapter 13), and machine readable news (see Chapter 15). In many
instances, we shall also illustrate the use case with trading strategies on various asset classes.

So, to start thisjourney, let's explain alittle bit more about what the financial community
means by —aternative datall and why it is considered to be such a hot topic.

1.2 WHAT IS -ALTERNATIVE DATAIl?

It iswidely known that information can provide an edge. Hence, financial practitioners have
historically tried to gather as much data asis feasible. The nature of this information,

however, has changed over time, especially since the beginning of the Big Data revolution.2
From —standardll sources like market prices and balance sheet information, it evolved to
include others, in particular those that are not strictly speaking financial. These include, for
example, satellite imagery, social media, ship movements, and the Internet-of-Things (1oT).
The data from these —ronstandardll sourcesislabeled alternative data.

In practice, alternative data has several characteristics, which welist below. It is data that has
at least one of the following features:

e Lesscommonly used by market participants

¢ Tends to be more costly to collect, and hence more expensive to purchase
e Usually outside of financial markets

e Has shorter history

e More challenging to use

We must note from this list that what constitutes alternative data can vary significantly over
time according to how widely availableit is, aswell has how embedded in a processitis.
Obviously, today most financial market datais far more commoditized and more widely
available than it was decades ago. Hence, it is not generally labeled as alternative. For
example, adaily time series for equity closing pricesis easily accessible from many sources
and it is considered nonalternative. In contrast, very high frequency FX data, although
financial, is far more expensive, specialized, and niche. The sameis also true of
comprehensive FX volume and flow data, which islessreadily available. Hence, these
market derived datasets may then be considered aternative. The cost and availability of a
dataset are very much dependent on several factors, such as asset class and frequency. Hence,
these factors determine whether the label —dlternativell should be attached to it or not. Of



course, clear-cut definitions are not possible and the line between —dternativell and
—Aonalternativell is somewhat blurred. It is also possible that, in the near future, what we
consider —alternativell will become more standardized and mainstream. Hence, it could lose
the label —dternativell and simply be referred to as data.

In recent years, the alternative data landscape has significantly expanded. One major reason
is that there has been a proliferation of devices and processes that generate data. Furthermore,
much of this data can be recorded automatically, as opposed to requiring manual processes to
do so. The cost of data storage is also coming down, making it more feasible to record this
datato disk for longer periods of time. The world is also awash with —exhaust data,ll whichis
data generated by processes whose primary purpose is not to collect or generate and sell the
data. In this sense, data is a—side effect.ll The most obvious example of exhaust datain
financial marketsis market data. Traders trade with one another on an exchange and on an
over-the-counter basis. Every time they post quotes or agreeto trade at a price with a
counterparty, they create a data point. This data exists as an exhaust of the trading activity.
The concept of distributing market data is hardly new and has been an important part of
markets for the ages and is an important part of the revenue for exchanges and trading
venues.

However, there are other types of exhaust data that have been less commonly utilized. Take,
for example, alarge newswire organization. Journalists continually write news articles to
inform their readers as part of their everyday business. This generates large amounts of text
daily, which can be stored on disk and structured. If we think about firms such as Google,
Facebook, and Twitter, their users essentially generate vast amounts of data, in terms of their
searches, their posts, and likes. This exhaust data, which is a by-product of user activity, is
monetized by serving advertisements targets toward users. Additionally, each of us creates
exhaust data every time we use our mobile phones, creating a record of our location and
leaving a digital footprint on the web.

Corporations that produce and record this exhaust data are increasingly beginning to think
about ways of monetizing it outside of their organization. Most of the exhaust data, however,
remains underutilized and not monetized. Laney (2017) labels this—dark data.ll It isinternal,
usually archived, not generally accessible and not structured sufficiently for analysis. It could
be archived emails, project communications, and so on. Once such data is structured, it will
also make that data more useful for generating internal insights, as well as for external
monetization.

1.3 SEGMENTATION OF ALTERNATIVE DATA

As aready mentioned, we will not describe all the sources of alternative data but will try to
provide a concise segmentation, which should be enough to cover most of the cases
encountered in practice. First, we can divide the alternative data sources into the following

high-level categories of generators:? individuals, institutions® and sensors, and derivations or
combinations of these. The latter isimportant because it can lead to the practicaly infinite



proliferation of datasets. For example, a series of trading signals extracted from data can be
considered as another transformed dataset.

The collectors of data can be either institutions or individuals. They can store information
created by other data generators. For example, credit card institutions can collect transactions
from individual consumers. Concert venues could use sensorsto track the number of
individuals entering a particular concert hall. The data collection can be either manual or
automatic (e.g. handwriting versus sensors). The latter is prevalent in the modern age,

although until a couple of decades ago the opposite was true.® The data recorded can either
bein adigital or analog form. This segmentation is summarized in Table 1.1.

We can further subdivide the high-level categories into finer-grained categories according to
the type of datais generated. A list can never be exhaustive. For example, individuals
generate internet traffic and activity, physical movement and location (e.g. via mobile phone),
and consumer behavior (e.g. spending, selling); institutions generate reports (e.g. corporate
reports, government reports), institutional behavior (e.g. market activity); and physical
processes collect information about physical variables (e.g. temperature or luminosity, which
can be detected via sensors).

TABLE 1.1 Segmentation of alternative data.

Who Generatesthe Who Collectsthe How Isit How Is it

Data? Data? Collected? Recorded?
Physical processes Individuals Manually Viadigital methods
Individuals Institutions Automatically Viaanaog methods
Institutions

Asindividuals, we generate data via our actions. we spend, we walk, we talk, we browse the
web, and so on. Each of these activities |eaves a digital footprint that can be stored and later
analyzed. We have limited action capital, which means that the number of actions we can
perform each day islimited. Hence, the amount of data we can generate individually is aso
limited by this. Institutions also have limited action capital: mergers and acquisitions,
corporate reports, and the like. Sensors also have limited data generation capacity given by
the frequency, bandwidth, and other physical limitations underpinning their structure.
However, data can also be artificially generated by computers that aggregate, interpolate, and
extrapol ate data from the previous data sources. They can transform and derive the data as
already mentioned above. Therefore, for practical purposes we can say that the amount of
datais unlimited. One such example of data generated by a computer is that of an electronic
market maker, which continually trades with the market and publishes quotes, creating a
digital footprint of itstrading activity.

How to navigate thisinfinite universe of data and how to select which datasets we believe
might contain something valuable for usis amost an art. Practically speaking, we are limited
by time and budget constraints. Hence, venturing into inspecting many data sources, without
some process of prescreening, can be risky and is also not cost effective. After all, even



—freell datasets have a cost associated with them, namely the time and effort spent to analyze
them. We will discuss how to approach this problem of finding datasets later and how a new
profession is emerging to tackle thistask | the data scout and data strategist.

Data can be collected by firms and then resold to other partiesin araw format. This means
that no or minimal data preprocessing is performed. Data can be then processed by cleansing
it, running it through quality control checks, and maybe enriching it through other sources.
Processed data can then be transformed into signals to be consumed by investment
professionals. When data vendors do this processing, they can do it for multiple clients,
hence reducing the cost overall.

These signals could be, for example, afactor that is predictive of the return of an asset class
or acompany, or an early warning indicator for an extreme event. A subsequent
transformation could then be performed to convert asignal, or aseries of signals, into a
strategy encompassing several time steps based, for instance, on determining portfolio
weights at each time step over an investment horizon. These four stages are illustrated in

Figure 1.1.

Processed Data

FIGURE 1.1 Thefour stages of data transformation: from raw data to a strategy.

1.4 THE MANY VS OF BIG DATA

The alternative data universe is part of the bigger discourse on Big Data.® Big Data, and
hence alternative data, in general, has been characterized by 3 Vs, which have emerged as a
common framework to describe it, namely:

1. Volume (increasing) refers to the amount of generated data. For example, the actions of
individuals on the web (browsing, blogging, uploading pictures, etc.) or viafinancial
transactions are tracked more frequently. These actions are aggregated into many
billions of records globally.2 This was not the case before the rise of the web.
Furthermore, computer algorithms are used to further process, aggregate, and, hence,



multiply the amount of data generated. Traditional databases can no longer cope with
storing and analyzing these datasets. Instead, distributed systems are now preferred for
these purposes.

. Variety (increasing) refers to both the diversity of data sources and the forms of data
coming from those sources. The latter can be structured in different ways (e.g. CSV,
XML, JSON, database tables etc.), semi-structured, and also unstructured. The
increasing variety is due to the fact that the set of activities and physical variables that
can be tracked isincreasing, alongside the greater penetration of devices and sensors
that can collect data. Trying to understand different forms of data can come with
analytical challenges. These challenges can relate to structuring these datasets and also
how to extract features from them.

. Ve ocity (increasing) refers to the speed with which data are being generated,
transmitted, and refreshed. In fact, the time to get hold of a piece of data has decreased
as computing power and connectivity have increased.

In substance, the 3 Vs signal that the technological and analytical challengesto ingest,
cleanse, transform, and incorporate data in processes are increasing. For example, a
common analytical challenge is tracking information about one specific company in
many datasets. If we want to leverage information from all the datasets at hand, we must
join them by the identifier of that company. A hurdle to this can be the fact that the
company appears with different names or tickers in the different datasets. Thisis
because a certain company can have hundreds of subsidiariesin different jurisdictions,
different spellings with suffixes like —d.Il omitted, and so on. The complexity of this
problem explodes exponentially as we add more and more datasets. We will discuss the
challenges behind thislater in a section specifically dedicated to record linkage and

entity mapping (see Chapter 3).

These 3 Vs are more related to technical issues, rather than business specific issues.
Recently 4 further Vs have been defined, namely Variability, Veracity, Validity, and
Value, which are focused more on the usage of Big Data.

. Variability (increasing) refers both to the regularity and quality inconsistency (e.g.
anomalies) of the data streams. As we explained above, the diversity of the data sources
and the speed at which data originates from them has increased. In this sense, the
regularity aspect of Variability is a consequence of both Variety and Vel ocity.

. Veracity (decreasing) refers to the confidence or trust in the data source. In fact, with
the multiplication of data sourcesit has become increasingly difficult to assess the
reliability of the data originating from them. While one can be pretty confident of the
data, say, from a national bureau of statistics such as the Bureau of Labor Statisticsin
the United States, a greater leap of faith is needed for smaller and unknown data
providers. This refers both to whether datais truthful and the quality of the
transformations the provider has performed on the data, such as cleansing, filling
missing values, and so on.



6. Validity (decreasing) refersto how accurate and correct the datais for its intended use.
For example, data might be invalid because of purely physical limitations. These
limitations might reduce accuracy and aso result in missing observations; for example,
a GPS signal can deteriorate on narrow streets in between buildings (in this case
overlaying them onto a roadmap can be a good solution to rectify incorrect positioning
information).

7. Vaue (increasing) refers to the business impact of data. Thisis the ultimate motivation
for venturing into data analysis. In general, the belief isthat overall Value isincreasing
but this does not mean that all data has value for a business. This must be proven case
by case, which is the purpose of this book.

We have encountered other Vs, such as Vulnerability, Volatility, and Visualization. We will
not debate them here because we believe they are amarginal addition to the 7 Vs we have
just discussed.

In closing, we note that parts of the alternative data universe are not characterized by all these
Vsif looked upon inisolation. For instance, they might come in smaller sample sizes or be
generated at alower frequency, in other words —small data.ll For example, expert surveys can
be quite irregular and be based on a small sample of respondents, typically around 1000. The
7 Vs should, therefore, be interpreted as a general characterization of data nowadays. Hence,
they paint a broad picture of the data universe, although some alternative datasets can still
exhibit properties that are more typical of the pre Big Data age.

1.5 WHY ALTERNATIVE DATA?

Now that we have defined what alternative datais, it istimeto ask the question of why
investment professionals and risk managers should be concerned with it. According to a
recent report from Deloitte (see Mok, 2017):

—Fhose firms that do not update their investment processes within that time frame [ over
the next five years| could face strategic risks and might very well be outmanoeuvred by
competitors that effectively incorporate alternative data into their securities valuation and
trading signal processes.ll

Thereisageneral belief today in the financial industry, as witnessed by the quote above, that
gaining access and mining alternative datasets in a timely manner can provide investors with
insights that can be quickly monetized (atime frame in the order of months, rather than
years) or can be used to flag potential risks. The insights can be of two types: either
anticipatory or complementary to already available information. Hence, information
advantage is the primary reason for using alternative data.

With regards to the first type, for example, alternative data can be used to generate insights
that are a substitute for other types of more —mainstreamll macroeconomic data. These
—ainstreamll insights may not be available on a prompt basis and at a sufficiently high
frequency. However, they are nevertheless deemed to be important factors in portfolio



performance. Investors want to anticipate these macro data points and rebalance their
portfoliosin the light of early insights. For example, GDP figures, which are the main
indicator for economic activity, are released quarterly. Thisis because compiling the numbers
that compose it is alabor-intensive and meticul ous process, which takes some time.
Furthermore, revisions of these numbers can be frequent. Nevertheless, knowing in advance
what the next GDP figure will be can provide an edge, especially if done before other market
participants. Central banks, for example, closely watch inflation and economic activity (i.e.
GDP) as an input to the decision on the next rate move. FX and bond traders try in their turn
to anticipate the move of the central banks and make a profitable trade. Furthermore, on an
intraday basis, traders with good forecasts for official data can trade the short-term reaction
of the market to any data surprise.

What can be a proxy for GDP, which is released at a higher frequency than quarterly?
Purchasing Managers Indexes (PMI) that are released monthly could be one possibility.19

They are based on surveys for sectors including manufacturing or service X The survey is
based on questionnaire responses from panels of senior purchasing executives (or similar)
working in asample of companies deemed to be representative of the wider universe.
Questions could be, for instance, —+s your company's output higher, the same, or lower than
one month ago?l or What is the business perspective over a 6-month horizon?l

The information of the various components mentioned earlier is aggregated into the PMI
indicator, which isinterpreted based on its relative position to the value 50. Any value higher
than the 50 level is considered to show expanding conditions while a value below the 50
mark potentially signals arecession.

The correlation between Real GDP growth rate and PMI is shown in Figure 1.2 for the US
and Figure 1.3 for China. We can see that indeed an index like this, albeit not 100%
correlated to GDP, is a good approximation to it. One explanation is the relative differences
in what the measures represent. GDP measures economic output that has already happened.
Hence, it is defined as hard data. By contrast, PMIs tend to be more forward-looking, given
the nature of the survey questions asked. We define such forward-looking, survey-based
releases as soft data. We should note that it can be the case that soft datais not always
perfectly confirmed by subsequent hard data, even if they are generally correlated.



US ISM vs US GDP QoQ (Q1 2005-Q3 2019)
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FIGURE 1.2 US GDP growth rate versus PMI; correlation 68%; time period: Q1 2005 Q1
2016.

Note. The dots indicate quarterly values.

Source: Based on datafrom PMI: I1ISM and Haver Analytics. GDP: Bureau of Economic Analysis and Haver Analytics.



China PMI vs China GDP QoQ (Q1 2011-Q3 2019)
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FIGURE 1.3 China GDP growth rate versus PMI; correlation 69%; time period: Q1 2005

Q3 2019.

Source: PMI: China Federation of Logistics and Purchases and Haver Analytics. GDP: National Bureau of Statistics of

Chinaand Haver Analytics.

The PMI indicators are considered alternative data, in particular when we consider looking at
them in a much more granular form. We will examine them more in detail in Chapter 12.

An dternative data source can be also used to anticipate the performance of a company, not
only to forecast/nowcast the broader macroeconomic environment. Value investing, for
example, isrooted in the idea that share prices should reflect company fundamentalsin the
long-term (which are also reflective of the macro environment), so the best predictors are the



current fundamentals of a firm. However, maybe we can do even better if we knew (or could
forecast) the current fundamentals in advance of the market? We will test this hypothesis
later. An example of alternative datain this context is the aggregated, anonymized transaction
data of millions of consumers retail transactions that can be mapped to the shopping malls
sales numbers where these purchases happened. The performance and hence the
fundamentals of amall can thus be forecasted relatively accurately long before the official
income statement is released.

Alternative data can also be used as a complement, not just a replacement or substitute for
other data sources as we have already mentioned. Thus, investors will be look at it for signals
that are uncorrelated (or weakly correlated) to existing ones. For example, apart from
company fundamentals disclosed in the financial statements, a good predictor for the future
performance of an industrial firm could be examining the capacity and utilization of plants
they operate or the consumer loyalty to the brand. Alternatively, we could collect data about
their greenhouse gas emissions. Some of this information could be absent in balance a sheet
but could be an indicator of the long-term performance of the company.

In Figure 1.4 we show some examples of alternative data usage by different market players.

Onlineprice =inflation App + credit card = Social + search = earnings
performance
Global FSI firm employs Hedge fund looks at 90 bn USD AUM global asset
tech to track pricesof 5 combination of alt data manager mines search engine data
million products online to including credit card combined with social media datato
understand price shocks  transactions, geo-location predict results of corporate events
and monitor shift inflation and app downloads to like quarterly earnings (3)
across 70 countries (1) analyze burger chain
performance (2)
Mobile foot traffic = Satellite + ships = Web + Twitter = market moving
economy mispriced security event
Hedge funds using Hedge funds using satellite Data provider using 300m websites,
location data pulled from intelligence on shipsand  150m Twitter feeds in combination
mobile devicesto predict tank levelsto identify with FactSet reports to measure rise
outlook on economy and  upcoming impact to oil up mediafood chain (e.g. blogs to
REIT values (4) producers and commodity newswire) to highlight potentially
prices (5) market-moving events (6)

FIGURE 1.4 Examples of alternative data usage by different market players.

Source: Based on data from (1) —Hnovative Asset Managers,|l Eagle Alpha; (2) —Foursguare Wants to Be the Nielsen of
Measuring the Real World,ll Research Briefs, CBInsights, June 8, 2016; (3) Simone Foxman and Taylor Hall, -Acadian
to Use Microsoft's Big Data Technology to Help Make Bets,ll Bloomberg, March 7, 2017; (4) Rob Matheson,
—Measuring the Economy with Location Datall MIT News, March 27, 2018; (5) Fred R. Bleakley, -€argoMetrics Cracks
the Code on Shipping Data,ll Institutional Investor, February 4, 2016; (6) Accern website.




1.6 WHO IS USING ALTERNATIVE DATA?

After asemina paper in 2010 (see Bollen et a., 2011), the topic of alternative data started
getting traction both in academia and in the hedge fund industry. The paper showed an
accuracy of 87.6% in predicting the daily up and down changes in the closing values of the
Dow Jones index when using Twitter mood data. This provided the spark for alternative data
and, since then, quantitative hedge funds have been at the forefront of the usage of and
investment in this space. However, at the beginning, only big banks and larger hedge funds
could afford access to sentiment data as the annual cost of access, for instance, to the full

Twitter stream was priced at around $1.5 million.22 It should be noted that it is likely that
some very sophisticated quants funds were using alternative data for along time, well before
the term alter native data came into vogue. Zuckerman (2019) discusses how avery
sophisticated quant firm, Renai ssance Technologies, had been using unusual forms of data
for many years.

At time of press, several asset management firms are setting up data science teams to
experiment with the alternative data world. To the knowledge of the authors, many attempts
have been unsuccessful so far. This can be due to many reasons and some of them are not
linked to the presence or absence of signalsin the dataset they have acquired but to setting
the right processes in place. As a cautious first step, many are using it as a confirmation of
the information coming from more traditional data sources.

Fortado, Wigglesworth, and Scannell (2017) talk about many of the price and logistics
barriers faced by hedge funds when using alternative data. Some of these are fairly obvious,
such as the cost associated with alternative data. There are also often internal barriers, related
to procurement, which can slow down the purchase of datasets. It also requires management
buy-in to provide budget, not only for purchasing of aternative data, but also to hire
sufficiently experienced data scientists to extract value from the data. In fact, thereis
evidence that only asmall part of it is being currently analyzed, 1% (see McKinsey, 2016).

The underusage of data could happen for avariety of reasons, as mentioned in the previous
paragraph. Another reason could be coverage. Systematic funds, for example, try to diversify
their portfolios by investing in many assets. While machine readable news tends to have an
extensive coverage of al the assets, other datasets like satellite images may only be available
for asmall subset of assets. Hence, in many instances, strategies derived from satellite
images could be seen as too niche to be implemented and they are thus defined as low
capacity. Larger firms with substantial anounts of assets under management typically need to
deploy capital to strategies that have large capacity, even if the risk-adjusted returns might be
smaller compared to low-capacity strategies. We give a more detailed definition of what
capacity isin the context of atrading strategy later in this chapter.
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FIGURE 1.5 Alternative data adoption curve: investment management constituents by
phase.

The decision of whether to buy a dataset is often based on a performance measure such as
backtests. A quandary with alternative datais that, as we have mentioned, it tends to be
characterized by a shorter history. In order to have an effective backtest, alonger history is
preferred. A buy side firm could of course simply wait for more history to become available.
However, this can result in a decay in the value of the data due to overcrowding. We tackle
the problem of valuing alternative datain Chapter 2.

All these considerations point to the fact that| aswith every innovation| only afew bold
players have taken risks of starting to use alternative data, but further along the way, other
firms might also get involved (e.g. less sophisticated asset managers). We illustrate a
snapshot of our thinking in Figure 1.5.

We expect, of course, as technological and talent barriers decrease and the awareness of the
market to alternative dataincreases, every investor to make use of at least afew aternative
data signalsin the next decade.

1.7 CAPACITY OF A STRATEGY AND ALTERNATIVE
DATA

What do we mean when we talk about the capacity of a strategy? Essentially, we are referring
to the amount of capital that can be allocated to it, without the performance of a strategy
being degraded significantly. In other words, we want to make sure that the returns of our
strategy are sufficiently large to offset the transaction costs of executing it in the market and
the crowding out of the signal by other market participants, who are also trading similar
strategies.

Trying to understand whether other market participants are trading similar strategiesis



challenging. Oneway to do it isto look at the correlation of the strategy returns against fund
returns, although thisis only likely to be of use for strategies that dominate afund's AUM.
We can also try to look at positioning and flow data collected from across the market. When
it comes to transaction costs, at least for more liquid markets, the problem is somewhat easier
to measure.

When we refer to transaction costs, we include not only the spread between where we
execute and the prevailing market mid-price, but also the market impact, namely how much
the price moves during our execution. Typically, for large orders we need to split up the risks
and execute them over alonger period, during which time the price could drift against us. As
we would expect, the transaction costs, which we incur, increase as we trade larger order
sizes. However, thisrelationship is not linear. In practice, for example, doubling the size of
the notional that we trade is likely to increase our transaction costs much more than a factor
of 2. It has been shown with empirical trading data across many different markets, ranging
from equities and options to cryptocurrencies, that there is a square root relationship between
the size of our orders and the market impact (see Lehalle, 2019). The transaction costs are
contingent on a number of factors aswell as the size of the order, such as the volatility of
underlying market, the traded volume in that asset, and so on. If the asset we are trading has
very high volatility and low traded volume, we would expect the market impact to be very
high.

L et us take for example atrading strategy that trades on arelatively high frequency, where on
average we can make 1 basis point per trade in the absence of transaction costs. In this
instance, if our transaction costs exceed 1 basis point per trade, the strategy would become
loss making. By contrast, if atrading strategy has high capacity, then we can allocate large
amounts of capital to it, without our returns being degraded significantly by increased
transaction costs. Say, for example, we are seeking to make 20 30 basis points per trade. If
we are trading relatively liquid assets such as EUR/USD, we could trade larger sizes and the
transaction costs would be well below our target P& L per trade. Hence, we could
conceivably allocate a much larger amount of capital to such a strategy. Note that, if we are
trading avery illiquid asset, where typically transaction costs are much higher, then such a
strategy could be rendered as low capacity.

One simple way to understand the capacity of a strategy isto look at the ratio of returns to
transaction costs. If thisratio is very high, it would imply that you can allocate a large
amount of capital to that strategy. By contrast, if that ratio isvery low, then it islikely that the
strategy is much lower capacity, and we cannot trade very large notional sizeswith it.

It istoo labor intensive to deploy large amounts of capital only to niche strategies because it
would require a significant amount of research to create and implement many of them.
Different types of strategies can require very different skillsets as well. For more
fundamentally focused firms, having a dataset that is only available for a smaller subset of
firmsisless of an impediment. Typically, they will drill down into greater detail to
investigate a narrower universe of assets. Hence, for smaller trading firms, niche strategies
might be more attractive, as they are lessimpacted by capacity considerations. In other



words, they are typically trading smaller notional sizes in the markets, given that they have
less AUM, which are less impacted by transaction costs. Hence, they are able to run
strategies that trade more often, such as high-frequency trading strategies, or those with more
illiquid assets.

Below we summarize some of the properties that are typical of high-capacity strategies:
¢ Returns are less sensitive to increased transaction costs.
¢ Higher amounts of capital can be alocated without negatively impacting returns.
e Can be traded on awide variety of tickers.
o Lower frequency.
e Lower Sharperatio.
Here we do the same for low-capacity strategies:
e Returns are sensitive to transaction costs.
e Higher amounts of capital will render the strategy |oss making.
¢ Restricted to a small number of tickers.
e Higher frequency.
e Higher Sharpe ratio.

In Figure 1.6, we illustrate how transaction costs can impact atrading strategy. We show the
risk-adjusted returns of Cuemacro's CTA (commodity trading advisor) strategy, dependent on
different assumptions for transaction costs for a period between 2000 and 2019. These
strategies are often known as CTA-type strategies, because originally firms trading them
predominantly traded commodities. However, these days they trade these strategies across
liquid futures in a number of different asset classes, including FX, fixed income, equity
indices, and commodities. The CTA strategy involves trend following and typically also
involves some sort of risk allocation based on vol targeting and positions are often leveraged.

Cuemacro's CTA strategy is designed to be proxy for the returns of atypical CTA. We note
that increasing the transaction costs from 0 bp to 2.5 bp decreases the information ratio from
around 0.7 to 0.6, which isarelatively small difference. This perhapsisn't surprising given
the strategy trades relatively infrequently, and relies upon identifying longer term trends.
Hence, the returns per trade are typically quite large compared to the transaction costs. The
various properties of the strategy suggest that we could label it as a higher-capacity strategy.
Increasing the transaction costs for alow-capacity strategy would have a negative impact on
both the information ratio and annualized returns.,
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FIGURE 1.6 Impact of transaction costs on the information ratio of Cuemacro's CTA
strategy.

Source: Based on data from Cuemacro.

Why isthis concept of strategy capacity important in the context of alternative data? Once we
know the approximate amount of capital we can deploy to a strategy, it enablesusto
understand the dollar value we can make, as opposed to purely the percentage returns. Thisin
turn helps us when evaluating how much value to associate with a certain alternative dataset,
If we are using it to generate trading signals. Let's say an alternative dataset enables usto
develop atrading strategy that has returns of 25%. However, the capacity of the strategy is
very limited. Hence, we can only allocate at most 1 million USD to it, without transaction
costs significantly impacting our returns. Another dataset enables us to generate returns of
5%, but the capacity of the strategy is significantly more (say 1 billion USD), because it can
be deployed on many assets. If we have lots of capital available for deployment, then the
second dataset generates more value in dollar terms. Hence, we would likely be willing to
pay more for the second dataset. By contrast if we have very limited capital available, it is
unlikely we would be willing to pay as much for the second dataset, as we would be unable
to use up much of the capacity of that strategy. As discussed el sewhere in the book, we also
need to evaluate other costs associated with using the dataset too, such as the time taken to
incorporate it within our investment process. In Chapter 2, we discuss the value of alternative
datain more detail from the perspective of both buyers and sellers.

1.8 ALTERNATIVE DATA DIMENSIONS

So far, we have considered and analyzed in some detail different aspects of alternative data
and its usage. Every time an investor ponders whether to purchase a dataset, they must bear
in mind all these aspects together, along with other important issues such as the business use
and technological limitations. We show in this section a summary of dimensions along which
apotential data source should be projected in our view, ideally beforeit is purchased. Of



course, the most important thing in the end is the amount of extracted alpha but before
venturing into alpha research some prescreening should be carried out along the lines of these
dimensions. A list of them follows:

Asset Class Relevance
o Equity
o Credit
e Rates
e Cash and cash equivalents
e FX
e Commodity
¢ Private markets
¢ Redl estate
¢ |nfrastructure
e Cryptocurrencies
¢ A mixture thereof
Coveragel3 within an asset class (score 1) 10) e.q.
e Full|] 10
e None| 1
Breadth!? within an asset class (score 1| 10) e.g.
e Full| 10
e None| 1
Depthl® within an asset class (score 1) 10) e.g.
e Full|] 10
e None| 1
Free data?
¢ Yes, the raw data only
¢ Yes, the processed dataset



e NO
History (score 1| 10) e.g.
e Short| 1

e Verylong| 10
Data Frequency

o Intra-daily

o Dally

o Weekly
Monthly
Quarterly

e Yearly
e Other

Publishing lag (score 1| 10) e.g.
e Red-time| 10

e Substantially lagged| 1
Level of Processing

e Raw

e Semi-processed

e Fully processed
Level of Structuring

e Unstructured

e Semi-structured

e Structured
Research Cost (score 1 10)



Research can rely on existing processes and requires minimal labor time| 10

Needs some additional research work and computation cost| 5

Heavily labor intensive and has very heavy computation costs| 1
Data Quality

e Amount of missing data (fraction %)

e Number of outliers (fraction %)
Data Bias

e Has an extensive panel, which isunbiased| 10

o

e Hasan extremely limited sample and a narrow panel (e.g. individuals across limited
geographies, income groupsetc.)| 1

Data Availability (score 1 10) e.g.
Public dataset| 10

Widely sold against a subscription fee| 7

Exclusive| 1
Data Originality (score 1] 10) e.g.
e Similar to many other datasetsin the market| 1
o
e Unique| 10
Technology (score 1 10) e.g.
e Availablethroughan API| 10
o CSVfiles| 1
Availability of tria
e Yes, against afee
* Yes, free



e NO
Legal (score ] 10) e.g.

e Nolega limitationsto usethe data| 10

.

e Limitationsonly in certain jurisdictions| 5

.

o Severerestrictionsto usethedatal 1
Portfolio effects| degree of orthogonality to other already purchased datasets (score 1 10)
Investment style suitability

e Macro

e Sector specific

o Asset specific
Time frequency of the investment strategy

e |ntraday

e Dally

o Weekly
Monthly
Quarterly

e Yearly
o Other

Building a scorecard by considering some or all of these dimensionsis an option to decide
whether to purchase a dataset. If the score is higher than a certain threshold, a dataset might
be considered further for acquisition. To some extent data brokers and scouts can help to
outsource this type of scoring process. In many cases, financial firmswill ask data firmsto
fill in questionnaires to answer similar questions to the above.

In building a scorecard, one must also consider rules that directly exclude (or include) a
dataset for further consideration, for example, when there are severe legal restrictions when
using the dataset. In this case, a dataset can be blacklisted directly without scoring it across
the other dimensions.

1.9 WHO ARE THE ALTERNATIVE DATA VENDORS?

We have noted that alternative data has proliferated over years, increasing its supply to the
market with this trend likely to accelerate over time. Indeed, statistics from Neudata (2020)



show that the number of alternative datasets is now around 1000 (see Figure 1.7).

The aternative vendors can range significantly in size and what they do. They can include
well-known existing market data companies such as Bloomberg, which sell their own
aternative datasets, such as machine readable news (see Chapter 15), or IHS Markit, which
sells alternative datasets related to crude oil shipping (see Chapter 14). A lot of these firms
are also creating their own data markets to offer data from third-party alternative data
vendors. At the other end of the spectrum, many alternative data vendors can be start-ups.

L arge corporates, not traditionally associated with this space, can also be alternative data
vendors. They can sell their datasets derived from their exhaust directly to data users. These
firmsinclude MasterCard, which sells its consumer transaction data (see Chapter 17). In
practice, many corporates who wish to monetize their own exhaust data often work with an
aternative data vendor or a consultancy to help them. These vendors can use their expertise
in alternative data processing to monetize these datasets, which include structuring the data,
creation of data products, marketing and selling the data to users, and so on.
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FIGURE 1.7 Alternative datasets released commercially per year.
Source: Based on data from Neudata.
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FIGURE 1.8 Brands most associated with alternative data

Source: Based on data from Greenwich Associates.

Having an internal exhaust source requires afirm to engage in alarge amount of business
tangential to selling data. As aresult, many alternative data vendors source their raw data
from many different external sources, rather than being able to exclusively use their own
exhaust data.

In terms of the brands most associated with alternative data, we present a recent survey of
market participants from (Greenwich Associates, 2018) in Figure 1.8 based on 36 total
respondents. The poll is topped by Quandl, which is an aggregator and marketplace of
aternative datasets. It is followed by Orbital Insight, which sells its own datasets related to
satellite imagery. Neudata is an alternative data scouting firm (see Chapter 5). Thinknum
creates datasets based upon web data.

As we can see the most recognized aternative data vendors differ significantly in terms of
what they do and also in what the focus of their businessis. We, of course, acknowledge that
the sampleisrelatively small, and given the fast-moving nature of the alternative data
landscape it islikely that these names may have changed recently. Indeed, since publication a
number of entrants have entered this space, such as Bloomberg, which has launched its
platform for distributing alternative data.

In Section 5.4 we will delve more into the details of how data vendors distribute their data
offerings.

1.10 USAGE OF ALTERNATIVE DATASETS ON THE BUY
SIDE

While the supply of alternative data has increased, has the capacity for buy-side firmsto



digest this data also increased? We mentioned in Section 1.5 that the usage of aternative data
isoverall still limited due to avariety of reasons but what is the trend in this space?
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FIGURE 1.9 Tota spend on alternative data by buy side.
Source: Based on data from alternativedata.org.

% of funds using dataset

50%
45%
40%

35%
30%
25%
20%
15%
10%
5%
0% O X AN @ .

FIGURE 1.10 -Alternative datasetsll derived from web scraping: most popular at funds at
present.

Source: Based on data from alternativedata.org.

A survey from alternativedata.org (2019) shows that the number of full-time alternative data
employees working in funds topped 1000 in 2017, and it is likely that this number has
increased significantly by the time of print. Typically, these employees have more than a
decade of experience, often from areas outside of asset management such as technol ogy,
academia, and working at data providers themselves. Thisincrease in the capability of funds
to process aternative datasets has perhaps unsurprisingly been accompanied by an increase
in spending on the actual alternative datasets themselves. It is forecasted that spending by




buy-side firms on aternative datais likely to increase to closeto 2 billion USD for 2020 (see
Figure 1.9). This compares with 232 million USD in 2016. We would expect continuing
growth in alternative data spending by the buy side in the coming decade.

We noted that one of the main differentiating properties of alternative datasets is that they are
not purely derived from financial markets. The usage of alternative datasets by funds varies
significantly by type. Datasets derived from web scraping are most popular at present at
funds (see Figure 1.10), closely followed by credit/debit card datasets. By contrast, those
datasets from satellite imagery, geolocation, and email receipts are less popular, using the
data available at the time of print.

1.11 CONCLUSION

We have briefly introduced what alternative data is and what some of the challengesin using
it are. In doing so we have only scratched the surface of a big and complex world. In the next
chapters we will dig more into the details of thisworld that underpin practical applications.
We will thus reexamine many of the concepts and topics introduced here. Later, in the second
part of this book we will explore real-world case studies so that the reader can become
further familiar with the concepts discussed in this chapter and also in the next few.

NOTES

1 Alot of applications of alternative data are being found today in insurance and credit

markets (see e.g. Turner, 2008; Turner, 2011; Financial Times, 2017). We will not
explicitly treat them here, although the alternative data generalities we will examine are
also applicable to those cases.

N

In fact, most of the ML/AI textbooks start with these simple techniques.

oo

There is no precise date of when this revolution started, and certainly this has not been an
instantaneous event. In Thank You for Being Late: An Optimist's Guide to Thriving in the
Age of Accelerations, Thomas Friedman puts the starting year as 2007 because thisisthe
year when major development in computational power, software, sensors, and
connectivity happened. The term —Big Datall has been around since the 1990s and the
father of the term is John Mashey, who was the chief scientist at Silicon Graphics at the
time.

I~

Here we draw inspiration from the United Nations classification (see United Nations,
2015), although, in this text, we make the distinction between generators and collectors.

lon

By —thstitutionsll we mean associations of individuals such as corporations, public entities,
or governments,

o

This consideration might be important if we want to enrich short time series with previous
and old recordings (e.g. temperature or river levels time series going as far back as the



I~

oo

(o)

19th century), or loss on loans in banks in the 1990s for loss-given-default (LGD)
modeling.

There are potentially different degrees of the data being processed. In this sense, data can
be also semi-processed. We will not use this fine distinction here, but this is something to
bear in mind.

Defining the -Bigll in —Big Datall is subjective and its lower bound is revised upwards
continuously.

The OECD estimates that in 2015, the global volume of data stood at 8 zettabytes (8
trillion gigabytes), an eight-fold increase compared to 2010. By 2020, that volumeis
forecast to increase up to 40 times over, as technol ogies including the Internet of Things
create vast new datasets. See OECD, —Bata-driven Innovation: Big Data for Growth and
WEell-being,ll OECD Publishing: 2015, page 20.

10 Another one could be measuring levels of pollution as a proxy for economic activity.

11 Thethree principal producers of PMIs are the Institute for Supply Management (I1SM), the

Singapore Institute of Purchasing and Materials Management (SIPMM), and IHS Markit.

12 Opimas expects (see Marenzi, 2017) that —alternative data will contribute significantly to

afurther shrinkage in the hedge fund population, as firms unable to exploit the
information needed to compete effectively in the new world of intelligent investing will
fall behind.ll

13 Coverage: how many instruments (e.g. stocks) are covered in the dataset, and also across

which sectors, geographies, etc.

14 Breadth: how many features can be generated by instrument (e.g. stock) in a dataset.

15 Depth: how granular are the features generated by instrument (e.g. stock) in a dataset. For

example, do we have information about the whole supply chain and assets of a
manufacturing stock?



CHAPTER 2
The Value of Alternative Data

2.1 INTRODUCTION

One key question in the discussion about alternative datais how to assign value toit. This
needs to be addressed from the perspectives of both data consumers and data producers. Data
is only valuable from the perspective of a data consumer if it can be monetized, directly or
indirectly. From the viewpoint of a data vendor, the cost of creating and distributing the
dataset needs to be recouped when selling it. The data vendor would of course also want to
add margin on it, when selling it.

In this chapter, we discuss this topic in some detail and show some directionsto help value
alternative data. We note that at the moment of writing there is still no solution to the
problem of how to find the —+ghtll price to assign to a dataset. The development of
marketplaces where market participants can converge to one priceis till at itsinfancy and,
given the nature of what datais, many challenges still remain open, as we will shortly
discuss. We will aso show that having a standardized marketplace might not be the
economically optimal solution for a data vendor.

2.2 THE DECAY OF INVESTMENT VALUE

Data, alternative or not, is ultimately used in investing and risk management to make
predictions. In the investment space, if al or most of the market participants make the same
prediction based on the same information, they can trade on it and opportunities could
quickly disappear. The Efficient Market Hypothesis (EMH) in its semi-strong form reflects
this point of view by asserting that public information isincorporated (almost) immediately
in the prices of financial assets and hence any hope to outperform the market in the long-term
based on that information isin vain. A direct result of this, if true, is that superior risk-
adjusted returns are only available through insider information (or an exclusive or restricted
access to a dataset in the sense of this book). We will not debate the validity of this

hypothesist but what everybody would agree on isthat if a piece of information has been

available publicly for awhile, then it has most probably lost alot of itsinvestment value.? In
this sense data is a perishable asset. This could be a problem for data providers whose
datasets then face the danger of quick obsolescence. In fact, in our experience, some of the
alternative datasets that emerged first are now decreasing in their ability to generate alpha
(e.g. news sentiment and earning calls transcripts for stocks).

All this reasoning might lead us to the conclusion that data, alternative or not, could be of
little value unless exploited almost immediately after its release, and gains over the market
can only be made by having a speed edge. However, there are some counterarguments to this.



First, the variety and the multitude of data could make the decay of asignal lessrapid. New
data sources continuously appear. Hence, it becomes less probable that a large number of the
market participants have access to al of them and have incorporated a given dataset into their
processes once it is available, let alone the case that they have combined with exactly the
same set of other data sources that other participants are using. There are many more
alternative data sources than standardized financial market data and their types are much
more diverse. Hence, it is less probable that two different market players will discover
precisely the same datasets and gain access to them at the sametime. It isalso less likely that
they will end up mining these datasets and combine them with other signals gleaned from
other data sources. We can argue that essentially there are more degrees of freedom for the

data sources used in general, with the advent of alternative data.2

Second, if two investors mine the same dataset, the techniques used to transform the raw data
into asignal can be quite different. This could lead to different results, unlessthereis avery
strong directional signal, in particular because they are likely to augment it with different
datasets. A linear regression model, for instance, is not able to exploit nonlinear relationships
in the data that a deep learning model is naturally incorporating. The two could lead to quite
different predictions over the next investment horizon and hence point to different actions
(e.g. buy versus sell).

Third, another factor that contributes to the persistence of the value of a dataset is the
different investment mandates, horizons, styles, and risk appetite that investors have. Given
this, the number of relevant features that can be extracted from a combination of orthogonal
data sources is, therefore, further multiplied. For example, investors interested in directional
trading will be looking at trends and features that can predict it. Volatility investors, on the
other hand, will search for signals that drive the price of an asset in both directions. Styles
like long-only, long-short, and so forth also determine what is relevant in the data and what is
not. Sometimes datasets can be relevant for many different investment styles. We can take the
example of machine-readable news. Longer term investors can aggregate the sentiment from
machine readable news articles over along period of time to inform their trading. By contrast
high-frequency traders will use machine readable news at a much more granular level, using
it to trigger very short-term trades, and also for risk management purposes, to identify when
an asset is suspended from trading on an exchange.

Still the timeliness of the prediction and speed of the subsequent action are also of essence to
make the most of a dataset. In fact, hedge funds have invested millions in servers physicaly
located as close as possible to stock exchanges to gain atiming edge over their competitors.
For latency-sensitive strategies, like high-frequency trading, thisis very important. However,
it is not the only thing that matters as we have just explained. It is also important to make an
accurate prediction of at least the direction of the markets.

In summary, getting access to the right data at the right time is advantageous for the
monetization of a dataset in the likely short opportunity window after it isreleased. Market
players who are quick to discover valuable datasets will have an edge, before these datasets
become more commaoditized. However, whether a dataset has a positive investment value will



also depend on other factors such asits price. We will turn to examine the delicate issue of
pricing in the next sections.

We note in closing that arguments about decay of investment value can be time dependent. A
dataset could cease to provide signals only temporarily if the economy enters an irrelevant
period for the type of data it contains but could re-surface again in afuture period. For
example, a political news stream could bear almost no impact on financial marketsin
relatively calm periods but in times of political turbulence (e.g. Brexit) it could be the most
important source of signals.

2.3 DATA MARKETS

The current exchanges of data between buyers and sellers are largely ad-hoc, with data
trading performed through informal partnerships or private agreements. In these
circumstances data pricing is often determined by the seller who does not provide visibility
into the cost of collection, treating, and packaging to the buyer (see Heckman et al., 2015).
According to Heckman, this asymmetry of information resultsin alack of pricing
transparency, hurting both the seller and the buyer. The former is unable to price optimally in
the market, and the latter cannot strategically assess pricing options across data service
providers. According to Heckman (2015), a more structured data market with standardized
pricing models would improve the transaction experience for all parties.

Indeed, recently we have seen the rise of data marketplaces? although we are still far from
the adoption of standardized models. A data marketplace (also called Data as a Service, or
DaaS) is essentially a platform in which data sellers and data buyers connect to buy and sell
datafrom each other. A typical data market comprises three main roles. data sellers, data
buyers, and a data marketplace owner. Data sellers supply data to the data marketplace and
set the corresponding prices. Data buyers purchase the data that they need. The marketplace
owner acts as the intermediary between sellers and buyers and sometimes negotiates the
pricing mechanism with those providers and manages the data transactions. Typically, the
marketplace owner will be compensated by the data seller in the transaction.

From a data user perspective, using a marketplace can help to simplify the process. Usualy
the marketplace will provide a common billing point and also access to data via common
APIs, aswell asmaking it easier to browse available datasets from many vendors. A data
user just needs to sign one set of contracts, rather than having to negotiate separate NDAS
and legal agreements with every data vendor before they engage. As aresult, the onboarding
processislikely to be quicker. Even for trials, data vendors are likely to be keen to have
NDAS, to protect their data. Data users may also get other services from the data
marketplace, such as research on the datasets that are carried by that marketplace or tools to
help analyze the data.

The number of data marketplaces has been increasing with the growth of big data, asthe
amount of data collected by institutions has increased and as data has become increasingly
recognized as an asset on its own. Data marketplaces are often integrated with cloud services.



Examples of data markets include Quandl (now owned by Nasdaq), Eagle Alpha, Qlik Data
Marketplace, D& B Data Exchange, BattleFin Ensemble, and AWS Public Dataset. There are
also alternative data marketplaces from existing market data vendors. These include FactSet,
which operates the Open:FactSet marketplace. Bloomberg also has a marketplace for
alternative data with datasets from a number of vendors like Predata. With BattleFin
Ensemble platform, clients can evaluate datasets directly on the platform, using Python on
hosted Jupyter notebooks, and combine with reference data from Refinitiv.

Pricing models for data markets can be classified as follows (see Yu & Zhang, 2017;
Muschalle, 2012):

1. Free models where data services can be used for free

2. Freemium models that combine free services and value-added services (In this pricing
model, consumers have limited access to data for free and pay for the premium
Services.)

3. Packaging models, in which buyers purchase a certain amount of data at afixed price
4. Pay-per-use models where buyers pay for data services based on their usage

5. Fat-fee models that involve data buyers paying a monthly subscription fee in return for
unrestricted access to data services

6. Two-part-tariff modelsin which buyers pay afixed basic fee that becomes supplemented
by an additional fee when their usage exceeds some predefined quota

At the moment of writing, there are still issues concerning the trustworthiness (veracity) of
data sold via data markets (and privately) to be addressed. While external data like weather
or macroeconomic data can be trusted and easily verified through many sources, the same
does not apply to many datasets available from third-party vendors, which may be relatively
unique. Incorporating the latter into the decision-making processis more difficult because its
truthfulness and authenticity cannot be assessed (although using proxies could be one
approach, to corroborate datasets). Thisiswhy, in order to ensure trust in the marketplace,
blockchain solutions, among others, are currently being proposed. The blockchain dataiis
immutable, auditable, and completely traceable. Thereis still no clear solution for how this
should work as there are hurdles inherent in how the blockchain currently operates. Speed
and latency time are some of the concerns. The amount of data the blockchain can containis
limited and this is another big issue. Solutions based on only metadata being contained in the
blockchain and the big datasets residing in separate data stores have been proposed but are
still being experimented with. Currently there are exchanges running already on the
blockchain technology such as Ocean Protocol and IOTA Protocol that enable usersto
connect to live sensors across the world and receive rea -time streaming datafor a
subscription fee. We believe that thisis an areathat is evolving and more will be seen on this
front once the blockchain technology has settled from what is believed by many to be hype.

In summary, as of today, data companies mostly use manual price discrimination to sell their
datato their customers. Based on the information that can be gathered on the market, the data



istypically priced according to the relative purchasing power of each customer. We also
mentioned that the economics of information isimperfect: it is often hard to gather much
information on customers and, as a consequence, pricing models can be inefficient in their
task of maximizing revenue. This revenue management dilemma continues to apply today to
different industries, which is why many of these industries keep updating their pricing
models to make revenue collection more efficient and maximize profits (e.g., how Uber
dynamically adjusts prices based on awealth of information in real time to maximize
revenue, through surge pricing). We also mentioned that data markets come with a desirable
set of functionalities but also offer a platform where a price of a dataset can be made uniform
across all customers. But isthisreally the way to maximize the revenue for a data vendor?
Before answering this question, let's delve more into the details of data valuation.



2.4 THE MONETARY VALUE OF DATA (PART I)

Purchasing data comes at a price that includes the acquisition cost plus a seller's markup.
Let's take for example a system to monitor temperature and humidity over alarge
geographical area, which could be used to estimate crop yields. There would be an initial cost
for purchasing of temperature and humidity sensors. Then there would also be running costs
such as electricity for the sensors and maintenance of the sensors, which could fail, especially
in harsh climates. There would also be storage costs for the data collected. There would also
be the costs of integration of the datainto other systems and so on. There are essentially
acquisition costs. If the datais exhaust, this doesn't mean the acquisition costs are zero, but it
would imply that the businessis aready likely to be monetizing this data el sewhere. In our
example, it could be that a farmer has set up this weather monitoring solution to help enhance
the yields off their own crops. However, even with exhaust data, there are likely to be
additional costs we would need to include, such as marketing, productionizing the data, legal
costs of drafting contracts, and the like. It might also be the case that we could seek to
enhance the datawe are selling through the use of additional external datasets, which need to
be purchased and joined to the existing dataset.

The seller's markup will depend on the pricing approach of the seller, which could depend on
how unique this dataset is, and, hence, whether a monopolistic price is chargeable, and how
many other buyersit is distributed to. Data could have quite a big range of price variation,
from a couple of thousand (e.g. sentiment analysis) to millions of dollars (e.g. consumer
transaction data).

On the other hand, the price a buyer would be willing to pay will depend on their utility (i.e.
what is the value added for its business given the uncertainty of this estimate, what are the
downside risks, etc.). Hence, the price of datais one of the components that will determine
whether a data source will add value to an investment or a hedging strategy. Sometimes this
value could be directly measurable as alpha| or excess returns over a benchmark| which
directly translates into monetary terms. Sometimes, the value added is more difficult to
quantify, such asin the case of cost savings (operational alpha). Obviously, while the price
paid for adataset is set in advance and fixed, the value derived from apha generation is not
known with absolute certainty beforehand, even if some tests are performed on a sample of
the data before acquiring it. We should also, of course, note that the relative uniqueness of a
dataset does not in itself mean that a dataset can be valuable for generating alpha

Before venturing further into pricing, let's step back and examine the value of datain more
general terms. The first question that we want to addressis: if acompany owns data, how can
it determineitsvalueif it wantsto simply record it on its books? The answer to this question
is difficult, because data is an intangible asset, like the value of abrand. It is not officialy
recorded on balance sheets, so it does not have accounting value. This might appear a strange
fact considering that we live in the information age. For example, in the aftermath of 9/11,
many companies located in the Twin Towers made claims to be indemnified for the loss of
their information assets, but those claims were rejected by insurance companies arguing that
information is not a tangible property and hence does not have value. At the time, extensive



cloud infrastructure to back up data did not exist.

However, recording the value of data on the balance sheet isin principle possible and can be
done indirectly, for example, by calculating the cost of acquisition. This may include the
required capital expenditure to start recording the data (e.g. sensors) or the cost of buying it
from athird party plus —nstallationll costs like the integration in a database. Running costs
like maintaining the databases, the sensors, and the human processes behind this can be aso
incorporated. But there must be more than that to determining the value of data. A better
guestion to ponder here is what the business impact of datais. The answer lies within
departments such as legal, marketing, and the broader business. It can include different
valuation components such as revenue potential, usage frequency, reputational, compliance,
and legal risks. All these things can be very context specific. We will explain asimplified
version of the cost value approach shortly.

Hence, valuing data assets is something that could be (and should be!) done regardless of
whether they are commercialized externally. Indeed, having an understanding of the value of
data within an organization will mean that it will become a better maintained and more useful
resource. If datais undervalued within an organization, it islesslikely that time and effort
will be taken to store it or analyze it.

An MIT Sloan report2 provides a suggestion on how companies should approach this task
logistically. First, it suggests this can be done by developing firm-wide policies and, second,
by acquiring and developing valuation expertise. Last, it suggests evaluating whether top-
down or bottom-up valuation processes are the most effective within the company. In the top-
down approach to valuing data, companies identify their critical applications and assign a
value to the data used in those applications. A second approach isto define data value
heuristically. In effect, thisinvolves working up from a map of data usage across the core
datasets in the company. Key stepsin this approach include assessing data flows and linkages
across data. From these steps, one can then produce a detailed analysis of data usage patterns.
We refer to Short and Todd (2017) for more details on this topic.

Knowing the internal value of data assetsis good but atrickier question to answer is how to
determine the right price if acompany wants to monetize this data externally. For example,
Microsoft acquired Linkedin for $26B back in 2016. The platform had at the time around
400M registered users, of whom approximately 100M were active. Thistrandatesinto a
$260 acquisition cost per active user. The announcement of the acquisition attracted the
attention of the rating agencies and Microsoft's shares dipped immediately by 3%. The
counterparties agreed on the deal, but was this a reasonabl e price to pay? The answer to this
guestion is still unclear years after the acquisition.

Another example is the valuation of the customer database of Caesars Entertainment Corp.
when they filed Chapter 11 in 2016. According to the some of the creditors, the value of the
database was around $1B. This figure was derived by calculating the loss of earnings that
some companies that sold off previously from Caesars Entertainment Corp. experienced and
who no longer had access to the database. However, the bankruptcy report also noted that it
would be difficult to integrate and use this dataset outside of Caesars Entertainment Corp.



Hence, the value of their database was something extremely difficult to calculate and very
much dependent on a variety of factors.

Laney (2017) suggests both a fundamental and a financial approach to data valuation.
According to Laney, understanding the fundamental valuation of datais relevant for
organizations that are not ready to prescribe monetary value to it, but are nevertheless
interested in assessing its quality and potential. It can, hence, be used as aleading indicator
of monetary value.

Financial valuation of data, on the other hand, can be done in three ways:. by calculating the
(1) cost value, (2) market value, and (3) economic value. We describe each of them in the
following sections.

2.4.1 Cost Value

This method is preferred when there is no active market for the data. It reflects the annualized
financial expense incurred to generate, capture, and collect the data according to the
following formula

Y ..Process Expense; % Attribution%; % T

LV =
t
where T isthe average life span of thedataand ¢ isthetime period over which the process
expenseis measured. Process Expense; isthe cost of the j -th processinvolved in

capturing the dataand Attribution%; isthe percent of Process Expense; attributable

to the data capturing. An optional term that considers the impact on the business if
information assets were rendered unavailable, stolen, or damaged could be also included in
the formula

There are, of course, elements of subjectivity in the cost value approach. These elements can
include the percentage of the process that can be attributed to the capture of the data as well
as the potential business damage in the case of dataloss, if that term isincluded.
Accountants, in general, prefer this approach to valuing intangibles as it is more conservative
and lessvolatile.

2.4.2 Market Value

This approach looks at the potential monetary value of a data asset in a marketplace,® and
hence cannot be applied to assets that are not for sale such as internal datasets. Aswe
discussed in Section 2.3, there are already some fully operational online market platforms

where datasets are being sold,’ although they include only a small portion of the datasetsin
circulation, are unregulated, and do not have standardized pricing models.

A subtle clarification is that most of the time, the ownership of data (and the process behind
its capture) is not actually sold but it islicensed. The number of licensesis potentially
unlimited as data can be replicated with almost no costs. However, selling to many market



participants results in decreased marketability, which means that its value is diminished the
more investors trade on it.8 A variable discount factor could be applied to the market price
starting from an exclusive price (i.e. the price of the right of using the data by one client and
not any others). A cost value or economic value (see further below) can be the starting point
to determine such exclusive price to which avariable discount factor can then be applied.
Thisis shown in the following formula:

Exclusive Price = Number of Licensees

MV =
Premium(Number of Licensees)

Number of Licensees can be quantified through research of the market of potential
buyers. It may also require a subjective estimate of the Premiwm discount factor based on
an extensive market analysis and it depends on Number of Licensees .

2.4.3 Economic Value

The economic value approach takes into consideration the realized change in revenue minus
the expenses when a data asset is incorporated into a revenue generating process. By change,
we mean with respect to the case in which that data asset is not used. Thisis the traditional
income approach in accounting. The expenses include the cost of acquiring, administering,
and applying the datain the process as described in the Cost Value case. The calculation of
such measure requires running atrial over acertain period 1 (A/B test), estimating the
difference in revenue between the two alternatives and subtracting lifecycle cost of the
information. In anutshell:

EV = [Revenue, — Revenuey — Expenses] + T [t

whereagain 7' isthe average life span of the data. Aswe will explain below, not A/B tests
but backtesting is the preferred method in risk management and investing. Of course, a data
vendor does not know the economic value to the data consumer and it is highly unlikely that
two different data consumers will have the same economic value. We will show later that the
valuation of a dataset depends on the exposure of an asset manager and this can vary widely,
even by severa orders of magnitude, between different playersin the market.

In this section we took the point of view of a company that wishes to understand the value of
Its data assets both for internal purposes and for external monetization by selling to the
market. However, what about the value of a dataset from a buyer's perspective? When
considering whether to buy a dataset, investment and risk managers must estimate the
additional economic value to their bottom line derived from that data. While, in generdl, itis
difficult to measure the value of data, say, for branding, increased competitiveness, and other
similar business uses, the impact of a dataset on an asset management firm can be directly
measured in monetary terms. This sounds easy but, in redlity, it comes with some ambiguity.
We turn to discuss this in the next section.



2.5 EVALUATING (ALTERNATIVE) DATA STRATEGIES
WITH AND WITHOUT BACKTESTING

We argued that in order to understand how much to pay for a dataset, if purchased externally,
a business needs to quantify the additional value to their bottom line they can derive from its
purchase. In asset and risk management, the most likely method of quantification is
backtesting, athough thisis not always possible, as we will explain later. In essence, one
wants to see how the business would have done had they incorporated that dataset in the past
intheir strategies. Thistest is performed on historical data, hence the name backtesting. What
is usually then assumed is that the results of the backtest will hold in the future. There are, of
course, limitations to such a method, as sometimes the future does not ook like the past.

In particular, the value of a dataset for a systematic investor can be measured by estimating
the enhanced returns the dataset unlocks over the investment horizon minus the costs. For a
risk manager, its value can be quantified by assessing how much that dataset helps anticipate
and mitigate negative extreme returns (e.g. by hedging, by divesting, etc.) that are outside the
established risk tolerance levels. For a discretionary investor, a measure could be the value
added in investment decisions. In practice, all these are aways likely to be approximate
estimates because there is no unique and deterministic way to perform such measurements. It
very much depends on the choices underpinning the selected model to measure value and the
underlying data, as we will now explain, addressing the different groups of systematic
investors, discretionary investors, and risk managers.

2.5.1 Systematic Investors

For a systematic investor, a good way to quantify the improved predictive ability derived
from a dataset is through an out-of-sample performance test calculated with or without using
that dataset (Strategy A and Strategy B respectively).2 For example, we can calibrate two
models| Strategy A and Strategy B| inthe period (t — 15,1 — 10), where ¢ isthe current
time, and test their performance between (¢t — 10, t — 9). The numbers 9, 10, 15 can be
days, months| anything of our choice. Then we can roll over, recalibrate the models on

(t— 14,1 —9),and test themon (t — 9, t — 8), and so on. In the end, we will have some
measures to establish whether Strategy A is superior to Strategy B. These measures can be,
for example, the Sharpe ratio, the compounded annual return (CAR), and so on. These type
of backtests should be conducted across all the asset classes over which the dataset is
expected to be implemented. For example, we can use the same dataset to generate enhanced
strategies across equities, fixed income, FX, and the like. The combined value of these tests
then should be used to assess the overall performance of Strategy A.

This might appear easy at first sight, but there are some methodological caveats one must
bear in mind. First, the selected performance measure(s) could yield different results
according to the time window chosen for the out-of-sample test (e.g. one week, one month,
two years) as well as the time window chosen for the in-sample fit and the time step of the
rollover. A winning strategy for certain in-sample and out-of-sampl e time window lengths



could become losing if the lengths of those windows are changed. Second, the frequency of
the input/output variables can have an impact, too (i.e. whether we are calibrating on data at
daily, quarterly, or other frequencies). Third, different assumptions about transaction costs
could lead to different conclusions as well. Finally, even if we have a clear winner over the
first three dimensions, this might be due to the type of predicative model used. If the model
functional form is changed, say, from alinear to a nonlinear, we can observe the

performances of Strategy A and Strategy B to flip.1

These considerations apply in more general terms to models in the time series domain. Their
predictive performance, as decided by the modeler through some measures, depends on the
choice of (1) the time window used for the calibration (in-samplefit), (2) the time window
used for the out-of-sample test, (3) the frequency of the data, (4) the chosen explanatory
variables, and (5) the chosen model functional form. All these considerations indicate that
having a clear-cut winning model is not always possible. Some variability in the conclusions
can be removed by narrowing the hypothesis space of the choices based on economic
reasoning or technological constraints. We might, for example, strongly believe that a linear
model is the only suitable one for a strategy on a dataset based on our knowledge of the
economics of the domain we are modeling. We can then limit ourselves only to exploring
linear models. In other times, we will simply have no choice because the technological
infrastructure, for example, could be able to ingest data at minimum, say, weekly frequency.
Even after these types of restrictions, the choices left can still be too many. We will return to
this point in Section 2.6.

In the end, we would ideally like to conclude that Strategy A is superior to Strategy B.
Furthermore, we could like to say that it is better by a certain amount greater than a threshold
we established beforehand. Sometimes this will not be the case, which means that the dataset
contains no, or avery weak, signal and that it does not lead to a workable strategy. This does
not mean, though, that if combined with other alternative datasets, the conclusions would be
the same. In fact, in our experience, strong signals are usually detected when combining
multiple data sources. Hence, discarding a data source after finding only aweak signal when
used in isolation might be premature.

An additional complication is that the conclusions we draw from al the tests we discussed
can be very much time dependent. Whatever findings are valid as of today might changein
the future at the next date at which we will decide to retest the two strategies. This can be due
both to overcrowding (everybody starts to use that data source and hence the investment
value decays) and/or the always changing nature of financial markets (i.e. the lack of

stationarity), which renders certain information obsolete.L! If we can gain an understanding
of the additional value a dataset provides, it can help us as a guideline of how much we
would roughly pay for adataset. Typically, as arule of thumb, based on our various
discussions with industry participants, data buyers seek to make around 10 times the
purchase price of adataset, athough the precise multiplier can vary between firms. In other
words, if afirm believes they can make amillion dollars from a dataset, this would imply
that they'd be willing to pay around $100k for that dataset.



However, the costs associated with a dataset are not ssmply its purchase price. As we already
mentioned, there is also the cost side to be factored in to the calculation, which consists not
only of the purchase price of the dataset, but also the time spent to analyze it, and the

expenses (CAPEX and OPEX) to incorporate it in a strategy.12 These expenses could include
data quality checks and transformations like filling missing data gaps, matching entities
identifiers, and so on. If astrategy has avery large capacity strategy, then it islikely that
costs of the data and developing atrading strategy are likely to be a smaller proportion of the
returns than a very low capacity strategy.

We note in closing that if there are policiesin an asset manager to have at least a certain
number of years of backtesting to implement a strategy this can impede the adoption of
alternative data as typically these sorts of datasets have shorter history. These firms could
miss the informational advantages that come with the alternative data wave unless they
accommodate their policies to be more reflective of this new reality. We could also suggest
that one way to alleviate the problems associated with short historiesis for data vendors to
make a dataset broader| for example, to add more tickers. Ideally, of course, quants would
prefer datasets that are both very long in history and very broad in the number of assets they
cover.

2.5.2 Discretionary Investors

Sometimes alternative data can be used in different ways from the strategy we have discussed
so far. It is not always the case that a buy or sell signal is necessarily the output of a
particular alternative dataset. Thisis particularly the case for discretionary investors, who
often want to make the final buy or sell decision themselves. Instead, in many instances, it is
used as an additional input into the decision-making process by the investor. In particular, the
use of aternative data might be done on more of athematic basis, to dig down into a specific
company or political event of interest.

In this context, one-off purchases of datasets are not infrequent, especially by fundamental
discretionary investors who want some more information (e.g. about the condition of an asset
they are monitoring, say, afactory). In this case, survey data can invariably help as we will
show in Chapter 11. In this example, it is not possible to have a statistical assessment as the
one-off dataset refers to one-off assessment and hence lacks repetition. But how can we put a
price tag to adataset in this case? Thisis clearly very difficult. However, one way to
approach thisisto ask whether this additional dataset has changed your view or not, or at
least helped to add additional evidence. Has the dataset helped you to answer questions that
you would have been unable to answer without it? The answers to questions of thistype are

very subjectivel3 and hence the price variation that a buyer iswilling to offer is substantial.

Other times an investor might be interested in repeated events. However, these events are not
regularly distributed in time. For example, we might want to subscribe to an information
service that monitors the military conflictsin a certain geography. These are certainly not
regular in time. We need then amodel (approximate) for the distribution in time of these
events and their past impacts to come with an (approximate) valued added of that



information.

Again, asin the case of systematic investors, much is|eft to the negotiation process between
buyers and sellers to determine the price. However, competition| for example, in the market
of survey/expert networks service providers| pushes down pricesto dlightly above cost. We
note that what is offered by these types of firms are the services to collect the data, and costs
of this can be more transparent than a data stream that |everages sensors, databases,
platforms, and people. This|eaves more negotiating power in the hands of the data buyer.

2.5.3 Risk Managers

Extreme events are rare, by definition, but they are one of the main concerns of risk
managers. They tend to also be very irregular in time and very different in nature from each
other. The failure of the LTCM, 9/11, and the Great Financial Crisis are fundamentally
different from one another and the potential early warning indicators to look for to anticipate
these events potentially reside every time in different data sources. Hence, a measure of the
extent to which an alternative data source could be useful for the purposes of predicting
extreme eventsis difficult and it might lack a statistical corroboration. In this sense,
backtesting is not possible, and hence coming up with a price for a dataset could prove to be
trickier. Again, in this case valuation must be done on subjective basis.

However, alternative data can give insights to risk managers to help forecast some risk
metrics like short-term volatility, which can be used as inputs into broader-based risk
controls. These forecasts can be backtested and hence the considerations of the previous
section apply. See, for example, Chapter 15 for how news can be used to help forecast
volatility around data events such as FOMC and ECB meetings.



2.6 THE MONETARY VALUE OF DATA (PART II)

As already stated, one of the biggest and most important challenges within the emerging
market of data, as of today, is the lack of a widespread and accepted methodology for valuing
it. This makes the functioning of the data market even more difficult. In this section we will
continue to bring some clarity to the subject and point to a solution, although much more
research must be done on the topic in our view. We will put ourselves in the shoes of both the
data seller and the data buyer.

2.6.1 The Buyer's Perspective

Asset pricing theory gives a hint of how to approach the problem of pricing data from the
buyer's side, with some caveats that we will shortly explain.

In Section 2.5 we have been tacit about the price of data because we assumed it to be fixed
and exogenous, and determined whether the benefits of using it outweigh the costs (which
include the price) through backtesting. In what we have described so far, however, the price
can be regarded as afree parameter to play with to determine the break-even point at which
benefits equal the costs. This can be regarded as the maximum price a buyer should be
willing to pay for it and it can be used as a negotiating argument to bring the offering price
down if it is higher. In summary, the maximum price is simply the break-even price that
would make a dataset profitable in an investment strategy compared to when that dataset is
not used (Strategy A versus Strategy B). The break-even price will also depend on the
average bet size of the positions in the portfolio. The larger the position we hold, the larger
the potential profit and hence the amount we would be willing to pay for the dataset.

However, there is a problem with this line of reasoning. There are two sources of uncertainty
in the procedure that we described and these must be incorporated in the price. These are (1)
the uncertainty due to the potential stochastic nature of the models in the strategy and/or the
features extraction; and (2) uncertainty due to the choice of hyperparameters of the models
and the backtest (e.g. time window length, rollover).

The former arises because we will often use models to make predictions when devising a
strategy and these models will have stochastic error terms.22 The latter, as we have already
mentioned, arises from the variety of choices that we have when selecting the
hyperparameters. It islikely that we could have several layers of ML processing involved in
terms of structuring avery complex unstructured dataset, each of which involves selecting
different hyperparameters.

In summary, a strategy will yield adistribution of outcomes rather than a sharp point forecast.
L et's describe uncertainty due to the choice of hyperparameters.

In general, given any investor, thetime ¢ price of an asset j according to thisinvestor is
given by the fundamental pricing equation:



pi =E,|m (23)
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with M, the stochastic discount factor, and .1': " the payoff at time ¢ 4+ 1. This payoff can
be the distribution of the final payoff of Strategy A.

We stress that this may be a nonequilibrium price (i.e. not the result of many participants
acting in amarket but a private valuation). Asiswell known and is discussed by Cochrane
(2009), the stochastic discount factor is given by:
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where U’( Wept) repre@ents the derivative (with respect to wealth) of the utility function at

wedlth level W, 122 achieved by starting from awealth level Wy attime ¢ = (). The
stochastic discount factor is given by the product of theinverseof ¥ | alLagrange multiplier
| and the marginal utilities of wealth at time ¢ 4 | . It isa stochastic discount factor because
the investor does not know exactly their wealth at time t 4+ 1, W41, which entersthe
(derivative of the) deterministic utility function. The utility function of an investor can be
hard to determine but it essentially expresses their (nonlinear) attitude toward different
magnitude of gains/losses.
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The definition of the stochastic discount factor might seem unfriendly and complex although
the assumptions behind this pricing theory are overly simplistic (e.g. two period economy),
as discussed in Cochrane (2009). It involves determining the utility function (and arisk
aversion coefficient inside it) of an investor and hisimpatience through ¥ . These are indeed
difficult to quantify.2 However, if the investor is able to quantify their impatience and their
risk aversion and utility, then the price can be obtained through Equation 2.1. Thisis going to
be their private valuation, which they can use in any negotiation or compare to a data market
priceif available.

Hence, an investor will be willing to accept any price below their private valuation. In redlity,
determining risk aversion and utility is difficult, on top of measuring and incorporating all the
stochasticity of a strategy, athough thisisthe most principled approach. Hence, shortcuts and
rules of thumb, such as the one mentioned in Section 2.5.1, are applied where a subjective
multiplier of the expected (i.e. without considering at all the stochasticity) monetary gainis
used.

2.6.2 The Seller's Perspective

If data markets were liquid and perfect competition was in place, then the price of a dataset
would be set by the market itself. However, most of the time datasets will be unique or
almost unique, hence monopolistic pricing considerations should apply but always bearing in
mind that overcrowding can decrease their value. We turn to discuss the case of data (quasi)
monopoly shortly in this section.



But before that, we note that a monopoly is not a clear-cut definition in the case of the data
world asit isfor other markets, such as for electricity and water, even if thereisonly one
supplier of acertain data stream. In fact, two data sources could easily contain overlapping
information, even if the collection methods are very different. For example, mobile foot
traffic in shopping malls and satellite images of car count pertain to very similar types of
information. In that case, if satellite images are too expensive, buyers could switch to the
potentially cheaper foot traffic tracking data. Hence, monopolistic pricing cannot be always
strictly applied. Vendors must be aware of such situations because it might put them out of
business quickly.

2.6.2.1 Monopoly

In the case that the dataset is unique, the data vendor can set the rules and apply a
monopolistic pricing. In an ideal world, they try to maximize the revenue given by the
following quantity:

Revenue = px(p;) (2.2)

where P; istheprice of dataset ; and x(p;) isthe quantity sold at that price that will be

determined by demand. Quality of information also plays arole and can also be factored into
the equation. In fact, we expect more highly cleansed datasets to cost more as higher-quality
data implies more data processing and higher costs.

The question for a seller is then how to understand the value of P?; that maximizes Equation
2.2. This means the buyers in the market must somehow reveal their preferences.
Unfortunately, thisis not possible unless a survey or an auction for the data or another
specifically engineered self-revelation mechanism is conducted. Figure 2.1 shows some
pricing mechanisms that apply to different industries.

Constraining the number of consumersin an auction of high-value datafeedsis a useful
heuristic to prevent overexploitation. Dependent on the use case, artificia latency constraints
can be used (or combined with other techniques) to support multiple consumers without
overexploitation and consequent erosion of alpha generation opportunities. Auctions can be
used to allocate licenses to a multiple but restricted set of winners. Data can be then sold with
some latency to afixed price to the rest of the market. There would need to be sufficient
liquidity in the market such that there were a sufficient number of biddersin such an auction.
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FIGURE 2.1 Different discriminatory pricing mechanisms.

The four main types of auction are the English auction, the Dutch auction, the First-Price
Sealed-Bid auction, and the Vickrey auction. The Vickrey is praised for its property to induce
biddersto reveal their true valuations, enabling sellers to apply a nearly perfect price
discrimination strategy. The likes of Google and eBay have successfully embedded the
Vickrey auction at the core of their business models.

At the time of writing, data auctioning is not a known pricing mechanism. However, we
believe we will see some movement in this direction in the near future. As of today, the most
preferred method is that of the differential pricing of data. This means that prices are adjusted
by the seller according to the size of the buyer without room for much negotiation. Equation
2.1 shows that the private valuation of a buyer depends on the payoff, which is proportional
to the exposure. Hence, the bigger the asset manager, the bigger the price they are willing to
pay, and the seller iswell aware of thisfact. As a consequence, we have seen in practice

different prices being offered to different client classes determined by their size.LZ As argued
in the previous paragraphs though, an auction could be economically a better price-revealing
mechanism as buyers know best the value to their portfolios and hence how much they would
be willing to pay.

2.6.2.2 Sharing in the Upside of Data When Selling Externally

When selling data externally, we have assumed that the price of datais agreed and fixed
beforehand. For example, a hedge fund will purchase a dataset for an agreed sum from a data
vendor. The hedge fund will then seek to monetize that data through trading. Hence, the price
of datais aknown (and fixed) quantity that the data firm will receive. However, there can be
another arrangement in place that could turn profitable to both sides.

If the dataset is particularly valuable, the hedge fund might make substantially more than the
initial cost of data, yet the data firm will receive none of the upside. You could argue that this
isfair, given that the hedge fund is paying afixed price, which is paid regardless of how the
dataset performsin the live trading environment. In a sense, we could argue that it islike the
data vendor is selling an option and the hedge fund is buying the option (in the literature such
concepts are often referred to as real options). The main caveat, however, is that the option
seller here keeps the premium regardless of the final payoff.



What about having a different way to price data? For example, instead of having afixed price
agreed in advance, the data was priced according to the final trading outcome. In a sense, this
is similar to how some traders are compensated. Traders can either be paid afixed salary, or

they can be paid as percentage of the profits they generate from their trading strategies.2® The
next question of course, is how you alocate this bonus within ateam, who might have all had
some role to play in the decision making. To simplify matters, for the sake of argument let us
simply assume we have one trader who makes all the trading decisions for a single trading
book.

|sthere away a data vendor can share in the upside in the same way? One way to do thisis
for the data vendor to sell trading signalsto afund. A percentage of profits related to this
trading strategy can be returned to the data firm, which isfairly easy to define. In asense, in
this way, the data vendor is becoming atrader, but afund is executing the trades. This,
obviously, requires the data vendor to convert raw datasets into trading signals. In practice,
thisrequires adifferent skill set, which data vendors don't typically have. This could
potentially be the main sticking point of such approach. Furthermore, as we note in numerous
places throughout the book, in some cases combining datasets together improves the
predictability. A hedge fund is unlikely to allow an outside party to come in and look at their
trading strategies to see which datasets they use and do analysis to understand which
contributed the most.

One way to fix this problem isfor an independent party to aggregate many datasets together
to construct a trading strategy. Hedge funds can then buy the signal from the independent
party to execute themselves. Alternatively, the independent party can execute them,
effectively turning them into a mini-hedge fund, which islikely to push it toward aregulated
entity.

The hedge fund will take most of the upside, given they are providing the capital for the
transactions and taking the risk. The independent party will take a percentage for managing
the process. The rest of the profits can be distributed to each data vendor. The breakdown of
the payment to each data vendor is decided by the independent third party, based on their
own analysis. A data vendor might also try to manage the process, although, clearly, it would
be less independent, particularly when it comes down to how it would spread the P& L to
other data vendors.

The —pricingll for having access to the signal could be done through a market-based
approach, such as an auction aong the lines of what we suggested in the previous section.
We still face the issue that the skill set for creating trading signals is something that is most
likely to be in afund, rather than in a data vendor or other party. Hence, it could be the case
that atrading strategy developed this way might not necessarily be as profitable asif the fund
had developed it.

2.6.2.3 External Marketing Value in Data

In some instances, the data seller may judge that the pure monetary value of selling a dataset
externally is not significant enough to —move the needlell when it comesto revenue. This



could be the case for data sellers that are not primarily data vendors. These firms might be

very large corporates |ooking to monetize their exhaust data externally. While the pure dollar
value of selling their data could be insignificant when viewed against their primary revenues,
there might be indirect ways of monetizing the data externally. One way might be to give out
datafor free externally as a marketing tool, which is something that, for example, ADP does.

ADPisalarge USfirm that provides software for HR and payrolls. As aresult, they collect a
large amount of data on US payrolls. Much of thisdatais clearly very sensitive, so it cannot
be released externally without a significant amount of aggregation and anonymization. Once
aggregated it can give us a picture of what the employment situation is like nationally, given
the size of ADP's sample. ADP releases the ADP National Employment report at the start of
each month, based upon this aggregated dataset. They have a headline figure for the national
change in private payrolls, as calculated using ADP's data and model. Alongside this, there
are anumber of components for employment in different industries. It is specifically released
before the official US employment report. It is often used by market participants as a nowcast
for the official data release, which usually occurs later in the same week. The dataiis closely
followed by financial market participants and also more broadly in the media, providing an
opportunity to market the brand of ADP every month. In Figure 2.2, we plot the US change
in nonfarm payrolls against the ADP National Employment private payroll change. We can
see that by and large the time series do follow one another, although typically the official data
tends to be more volatile.
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FIGURE 2.2 US change in nonfarm payrolls versus ADP private payroll change.
Source: Based on datafrom ADP, Bloomberg.

Alternatively, the data could be distributed on amore limited basis to clients, by bundling it
on a so-called —soft dollarll basis. The data would be paid for indirectly by the client through
the consumption of other products and services. This helps to enhance service offerings to
clients. However, akey part of MiFID |1 has been to unbundle the services that the sell side
offers to buy side firms. Hence, buy-side firms now have to pay separately for services such
as research. This could potentially make —soft dollarll arrangements more difficult for buy-
side firms within the EU.

2.7 THE ADVANTAGES OF MATURING ALTERNATIVE
DATASETS

Throughout the book we discuss many of the challenges associated with alternative data.
Earlier in this chapter we discussed the potential for the alpha of an alternative dataset to
decay over time. This might be particularly true of datasets that are most amenable for
higher-frequency and lower-capacity strategies. However, we could argue that there are
circumstances where a dataset might actually become more valuable or at the very least more
usable over time.

One obvious advantage of a maturing dataset is the availability of more data history. The lack



of data history is one of the barriersto the adoption of particular dataset. Without sufficient
data history, it can be difficult to backtest trading strategies through different market regimes.

Over time, it islikely that data vendors will be also able to increase the coverage of a dataset
so that it covers more assets and more geographies. If we take the example of satellite
imagery for counting carsin retail car parks (see Chapter 13), typically the dataset not only
needs access to the images themselves, but also mapping data. It also requires the
construction of polygons (geo-fencing) to outline the car parks. Thisis atime-consuming
process, which needs to be done for each car park. Thisincreases its appeal to quant-focused
accounts, who tend to trade a broader array of assets. Ideally, we would want a dataset to
become sufficiently mature so that it has decent history and coverage, but before it becomes
subject to significant alpha decay.

In general, the approaches and techniques associated with structuring data have improved
over time. These newer techniques (or new applications of existing techniques) help usto
understand unstructured content better. Much of the content on the web| which includes
text, images, and video| is not structured. Machine learning algorithms in text to tag the
topic of documents or understand sentiment, for example, have improved, as have those for
understanding images (see Chapter 4). There are also more techniques available to clean data
that have missing values (see Chapter 7). All this contributes to the increased maturity and
hence usability of a dataset.

2.8 SUMMARY

We began the chapter by noting that we would expect the alpha decay associated with an
alternative dataset to be slower than that of a more commoditized dataset. A key question for
participants in the alternative data markets then is, what is the value of a dataset? From the
perspective of a systematic investor, it is possible to backtest an aternative dataset to see how
much additional value it brings to existing models. Even here, different investors are likely to
attribute different values to the same dataset. For discretionary investors, it is more
challenging to do a backtest. We talked about how to try to model the buyer's perspective. We
discussed how various pricing schemes could be adopted from the seller's perspective. Lastly,
we noted that maturing datasets can also have some advantages, in particular related to a
longer data history. Over time, analytical techniques improve; hence, it is possible that we
could find new insights from existing datasets. We turn now to discuss risks related to the
usage of alternative data.

NOTES

1 Instead of checking the validity of the assumptions (which is very difficult), we can look
at how active managers perform versus their relevant index. Soe and Poirier (2016, p. 1)
claim that over the whole of 2016, 84.6%, 87.9%, and 88.8% of large-, mid-, and small-
cap managers underperformed the S& P 500, S& P MidCap 400, and S& P SmallCap 600
respectively. It also states that, on a 5-year time horizon, 91.9%, 87.9%, and 97.6% of
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them underperformed their respective benchmarks. It isasimilarly bleak story for the 10-
year period: 85.4%, 91.3%, and 90.8% respectively.

We also admit that, because of exactly the same reasons, investment clues derived from
our case study resultsin this book can be self-defeating.

Of course, much depends also on the distribution policy of a data seller. For example, is
the data available on an exclusive or arestricted basis? Or isit available for every
potential buyer? The relative availability of a dataset could impact on the subscription fee
paid for the dataset. Even if a dataset is not available on an exclusive basis, a high cost
adds an implicit barrier to the number of firmsusing it. We will discuss this point in
Section 2.4.

Both the private and the data market exchanges are largely unregulated.
See Short (2017).
By thiswe will also mean on private exchanges.

It isimportant to say that data can also be privately exchanged and bartered for goods,
services, or contractual discounts.

This, it can be argued, does not apply to domains outside trading. Jones (2019), for
example, discusses the aspects of data and policies related to its widespread use to
maximize social gains.

Thisisvery similar to the Economic Value approach of Section 2.4. However, what is
described hereis not an A/B test where different strategies are applied to different
subgroups at the same time and the two impacts are then assessed and compared. Of
course, nothing stops us from adopting such an approach by splitting the portfolio in two,
but this could be hard to justify from business point of view. Backtesting is the preferred
approach in investing.

10 There could also be a deterministic component in amodel, meaning the rules used to

rebalance the portfolio (e.g. go long the top 5% performers and short the bottom 5%, go
long the top 10%, etc.). This also has impact on the conclusions.

11 Additionally, the aways evolving data protection regulations could make a certain data

source completely unavailable. See Section 3.13.1 for a detailed discussion on the topic.

12 Because of this, running a proof-of-concept (POC) to detect signal on a sample of data

before operationalizing a strategy is the best way to ensure that time and resources are not
unnecessarily wasted. If asignal is detected at the POC stage, then an implementation of
the strategy could be considered. The steps from POC to full operationalization and the
subtleties around will be examined in detail in Chapter 6.

13 We must note that even if in Section 2.5.1 we presented an —ebjectivell and statistical




approach, we pointed also to some elements of subjectivity, such as the choice of the time
window, frequency, and so on. Another argument against —ebjectivityll in that caseis that
historical data might not be representative for the future and hence sometimes subjective
tweaks in the backtests are necessary.

14 1f we use linear regression models, for example, they unavoidably contain a stochastic
errorterme : v = fix + €.

15 Thiswealth is essentially the sum of the payoffs of all the strategiesin a portfolio.

16 We must note, the effect of any potential overcrowding in the signal will be reflected in
the price through this approach. If thereis overcrowding it will be reflected in lower
returns during the backtest, lower payoff of the dataset, and hence alower price that a
buyer iswilling to pay. A caveat hereisthat this conclusion relies on historical data that
also contains data about past overcrowding or the lack of it. Nobody guarantees that thisis
not going to change the horizon over which we agreed to pay a certain price to the data
vendor.

17 We have also seen cases where the price is influenced by the threshold above which a
portfolio manager is required to go through an upper management approval process.

18 Therisk of thistype of incentive isthat it might encourage traders to take excessive risks,
in particular, because their downside losses are capped (i.e. maximum downside is the loss
of their job, rather than personal bankruptcy).



CHAPTER 3
Alternative Data Risks and Challenges

3.1 LEGAL ASPECTS OF DATA

Recently new legislation, like the EU General Data Protection Regulation (GDPR),2 has been
enacted. The aim of GDPR isto protect all EU citizens from privacy and data breaches and to
give them control over their persona data. Hence, GDPR is aready impacting how investors
can obtain and use alternative data in those cases where data contains what is possibly
considered the personal data of individuals in the European Union. Indeed, many alternative
datasets contain personal information (e.g. credit card panel data and location). Therefore,
their usage for investing must be always preceded by some due diligence checks.

Let's first more rigorously define what GDPR defines as —personal datall It is different and
broader than the US definition of —personally identifiable informationll (PIl). In the EU, akey
guestion to ask when defining —personal datall is whether a person can be identified based on
that data. This means whether it is possible to reverse-engineer the data, maybe by combining
it with other data sources, and to be able to uniquely identify that person. Hence, according to
the European Commission definition, —~or data to be truly anonymized, the anonymization
must be irreversible.ll For example, if the name was removed from a dataset of individuals
but the address remained, it would be fairly straightforward to derive the name (or least
narrow it down to a household) by joining with a dataset of addresses and names.

If we take avery broad attribute, such as the sex of the individual, thiswill obviously split a
population into two groups, and thiswill be insufficient to be a unique characteristic.
However, if we then add more attributes, such as date of birth, then the combination of the
attributes can become more unique, even if any particular characteristic is not in isolation.
The more demographic attributes are associated with an individual, then the more —uniquell
that record would be. Furthermore, we need to ask whether collecting certain attributesis
absolutely necessary and could be viewed as contentious and unwarranted.

Rocher, Hendrickx, and Montjoye (2019) flag various instances where supposedly
anonymized datasets have been reverse engineered. They create a generative model to
reidentify individuals from a dataset. Using their model, they note that with 15 demographic
attributes, it is possible to render 99.98% of the people as unique in Massachusetts. Most of
the attributes are relatively common, such as date of birth, gender, ZIP code, and so on, and
wouldn't necessarily be classified as alternative data.

Montjoye, Hidalgo, Verleysen, and Blondel (2013) give an example of how uniqueness of
individuals can be derived from an alternative dataset. They use a dataset of 15 months of
human location data, derived from mobile phones. They note that when thislocation datais
hourly and if it is of suitable resolution, it is sufficient to identify 95% of unique people.



In the United States, PIl is more limited to categories such as names, addresses, telephone
numbers, and the like, unlike GDPR, according to which personal data can also additionally
include IP addresses, location, web cookies, photographs, and so on. Hence, all Pll is
personal data but not all personal datais considered PlI.

Across the world, local laws regulate data protection to a different degree. We cannot detail
all of them here, but Figure 3.1 shows the levels of enforcement of data protection lawsin all
the jurisdictions worldwide at the moment of writing.

Data protection laws restrict the amount of aternative data that can be used. Onboarding data
must then come after a careful due diligence check of whether it contains personal data.
Assurances from data vendors cannot offload this burden from the shoulders of the data
buyers and appropriate procedures, and internal controls must be put in place to ensure that
data protection laws are not breached. Insurance policies can be used as part of the risk
mitigation methods to handle the financial costs of data breach risks. However, it should be
noted that insurance may not offset all costs, which are difficult to quantify, such as
reputational damage.

w -

FIGURE 3.1 Comparison of data protection laws around the world.
Source: DLA Piper.

The limitations of what data we can use means that we cannot always have a complete
picture in principle, say, of the potential earnings of an EU company or a non-EU company

with regard to their operations in the EU,? if we use personal datato infer them (e.g. the
people who bought the products of a company). Luckily, we do not always need to pinpoint
information down to the person level. Instead, what we need is a more aggregated view. For
example, the number of people who visited a shopping mall each day of the year isan
aggregated metric that will suffice to predict sales and earnings. Therefore, whenever we do
not need to buy person-level information, we can only require anonymized aggregated counts



directly from the data vendor, instead of buying granular data and doing the aggregation
ourselves. Whatever the caveat to get the information an investor needs, it is without doubt
that data protection laws, in general, pose a constraint that could in principle reduce (but not
eliminate!) the usability of alternative data.

Web scraping is another area where legal questions may arise. A lot of data on the web
appears on private websites and behind paywalls. However, many web pages are publicly
accessible. Does this mean that we can freely reuse the content that is viewable by userson a
public website? Each website has its own terms of usage, which in some cases may prohibit
web scraping of content. In many instances, firms seek to monetize the content of their
websites by doing their own internal analysis, which is repackaged for clients to access.
Alternatively, firms may be selling machine-readable access via APIs, either to the raw data
or a structured representation. It is therefore perhaps unsurprising that many firms seek to
prevent web scraping of their web content through their terms of usage. At the time of
writing there is alawsuit on the use of web-scraped data, which is being closely watched by
hedge funds (Saacks, 2019). In September 2019, the Ninth Circuit Court of Appeals sided
with hiQ against Linkedin. LinkedIn had been seeking to prevent hiQ web scraping publicly
accessible LinkedIn user pages (see Condon, 2019). hiQ had been using the data to provide
services for HR professionals. Condon notes that the —tidge concluded that, even if Linkedin
users had some interest in withholding their publicly-available data, those interests did not
outweigh hiQ'sinterest in continuing its business.Il The ruling was seen as a positive
development for firms sourcing data from the web.

Another legal issue associated with alternative data is whether a particular dataset constitutes
material non-public information (MNPI). Deloitte (2017) notes that just because data might
be accessible, such as certain content on the web, which might be tricky to find without the
use of advanced coding techniques, does not necessarily make it public. In some cases, they
note that certain firms might be less willing to purchase data that appears particularly
predictable of information that is embargoed till official release time, such as quarterly
earnings.

This leads us again to the concept of exclusivity for datasets. Theoretically, if adataset is
more exclusive, we might conjecture that it isless likely to suffer from apha decay,
particularly if it ismost likely to be traded for strategies that have alow capacity. Hence,
typically, such datasets are likely to be much more expensive. Fortado, Wigglesworth, and
Scannell (2017) note that exclusive datasets can be a—double-edged sword, |l quoting Rado
Lipus of Neudata, and that some large funds prefer to avoid them. Thisis not only related to
their expense of such datasets, but also to avoid any potential legal risks associated with
them. They also note that in the past New York's attorney general has intervened to stop a
data vendor distributing exclusive content to premium subscribers. We have already
discussed auctioning datasets and giving to the winners of the auction a restricted access to
the data (or low-latency access) to avoid overcrowding and maximize the revenues of the
data vendor. It isimportant for a vendor to investigate if such auctions could befit if datais
considered MNPI. Currently thisis still alegally blurred area.



The legal aspects of data do not purely govern whether data can be purchased. Data users
often face legal restrictionsin how they can use purchased data and thisisrelated to the data
license. Is the data license firm-wide, or only restricted to a small number of users? Does the
datalicense restrict its redistribution in raw form or derived indices? All these contractual
limitations can also influence the decision of whether to acquire a dataset.

3.2 RISKS OF USING ALTERNATIVE DATA

There are many risks associated with using aternative data, which are discussed by Deloitte
(2017). Some of these risks are likely to be faced most by the early adopters. Some of these
might be related to the legal risks, which we have discussed earlier. These might be related to
privacy issues like GDPR. Alternatively, it could be the case that the data is being collected
in away that violates a website's terms of usage, such as through web scraping, as already
mentioned. It should be noted that traditional datasets can also have similar issues. For
example, alicense may allow for internal usage of a certain common market dataset;
however, this does not automatically mean it can be repackaged and used in datasets sold
externaly.

Other risks might relate to the quality of the data or its validity, a matter we touched upon
when discussing the many Vs of Big Data. Admittedly, data quality and validity has also
been an issue for traditional datasets. Even with market data, we might have fat-finger values,
missing values, and so on. However, with alternative data, we face additional issues. In
particular, if we think about social media, alarge amount of content is not neutral and may be
totally false. Aswith more traditional datasets, it can also be the case that certain alternative
datasets disappear over time. If our models are heavily dependent on such datasets, it will
make a strategy more difficult to maintain (see Section 5.2.10) and audit. There might be
many reasons for this to happen, such as data vendors that close down. Or it can simply be
the case that the raw datais no longer available because it has been discontinued by the
vendor. There have been instances where changes in law, such as GDPR, have resulted in the
disappearance of certain datasets.

Further risks include employee turnover, which can result in leakage of intellectual property.
This has always been an issue with financial markets, where firms have sought to protect
themselves from employees moving with particular knowledge of intellectual property. This
has resulted in noncompete clauses being enforced. Thisis no different for dealing with
alternative data, which requires specialist skills that are difficult to source. Potentially, one
way to reduce employee turnover isto continually train employees so they can build their
skillsets and also become more productive in the process. Thisis especially relevant in afast-
evolving area, such as alternative data.

However, those starting to use alternative data even after many of these issues have been
resolved face other risks. Deloitte (2017) points out that these firms will essentially haveto
be playing catchup with established playersin the field. As we noted earlier, developing a
strategy for alternative data does not purely involve hiring afew data scientists. It requires



data strategists, data scientists, and data engineers. It also requires the business to be able to
utilize these resources and have the right processes in place. Creating such aframework takes
time and cannot be done overnight. It is also difficult to execute successfully.

Those |ate to using alternative data might face —blind spots,|l as certain alternative datasets
that they do not yet know how to use become common. Indeed, this can already be observed
with some alternative datasets that have become more ubiquitous, such as consumer
transaction data and estimated quarterly earnings for US retailers. For those firms late to the
area, it could also result in aloss of assets under management, as investors see them as firms
that are behind the curve. In substance, latecomers face a strategic extinction risk.

3.3 CHALLENGES OF USING ALTERNATIVE DATA

Starting to use alternative data might not be that straightforward. First, it could comein an
unstructured form. If thisisthe case, being able to use it warrants first creating a structured
dataset from which amodel can be built and tested. Subsequently, unstructured data must be
continuously converted into structured datain order to feed in the model at the production
stage. Second, data might contain streaks of missing values, outliers, and other anomalies.
These should be treated before any modeling is attempted unless we have a strong reason to
believe that their amount is negligible. Third, in many applications, data from multiple
sources must be integrated in order to enrich the feature set and hence do more powerful data
mining and predictions than analyzing single sources in isolation. Aggregating diverse data
sources comes with some practical challenges as well. Data from different sourcesis seldom
in the same format and frequency; it could come with different delays, and identifiers
between different data sources could require some treatment before being matched with a
good level of confidence. Let's examine these issues in more detail.

In substance, the steps that data should be subjected to before the modeling stage (not
necessarily in the following sequence) are:

1. Matching entity identifiers between different data sources
2. Treating missing data

3. Converting unstructured data into structured

4. Treating outliersin the data

In what follows, we examine these steps in more detail. We will dedicate separate chapters to
missing data (Chapters 7 and 8) and outliers (Chapter 9).

3.3.1 Entity Matching

One of the biggest hurdles in matching different datasets is the fact that the name of an
entity can be different in different sources because of the multitude of ways to spell it or
because of typographical errors. Take, for example, the simple case of the abbreviation for
limited companies, which could have a number of different variations, such as limited, LTD,



Ltd, or the like. This problem is not static and is not purely limited to the model training
phase. Indeed, it will resurface live in production as new entities appear in the data sources
(e.g. new companies being registered and as companies disappear through events such as
takeovers). In the later section on natural language processing, we discuss many other
examples to illustrate the importance of entity matching. Recently, advances have been made
in the area of record linkage, especially since 2000, and now a variety of techniques and
libraries are widely available. Luckily for tickers, there is the common CUSIP standard,
which can be used to join together datasets by ticker. This can be particularly useful if we
want to join up many different alternative datasets that might refer to a specific company.

However, for entities such as people and organizations, even once we might have detected
them, many different standards might be used by data vendors. This makesit tricky to join
together these datasets by entity. To alleviate this problem, Refiniv have open sourced their
PermIDs for many different types of entities such as people and organizations. These are
available from https://permid.org/. Very granular entries, such as subsidiaries, are available
on a subscription basis.

As Christen (2012) explains, integrating data from different sources consists of three tasks.
Thefirst one is—schema matching.ll It is concerned with identifying database tables,
attributes, and conceptual structures (such as ontologies, XML schemas, and UML diagrams)
from disparate databases that contain data that correspond to the same type of information.
The second is—data matching.ll It consists of identifying and matching individual records
from disparate databases that refer to the same entities. The third task, known as —data
fusion, |l isthe process of merging pairs or groups of records that have been classified as
matches (i.e. that are assumed to refer to the same entity) into a clean and consistent record
that represents an entity. We should note, however, that some alternative data may have no
particular schema, because it may be unstructured.

Data matching itself is divided into five steps: data preprocessing, indexing, record
comparison, classification, and evaluation. Thereis also ahuman review step, if necessary.

The am of data preprocessing isto ensure that that the attributes used for the matching have
the same structure, and their content follows the same formats. This means cleaning and
standardizing the data into well-defined and consistent formats. Inconsistencies in the way
information is represented and encoded al so need to be resolved. Data preprocessing thus
deals with removing unwanted characters and words, expanding abbreviations and correcting
misspellings, segmenting attributes into well-defined and consistent output attributes (e.g.
splitting an address into street name, number, postcode etc.), and verifying the correctness of
the attribute values (e.g. correcting company names from an external database).

Once the database tables have been cleansed and standardized, they are ready to be matched.
This means potentially comparing each pair of recordsin the two tables. If each table
contains one million records, this translates into one trillion records, which can take severa
days of computing time. Indexing is away to reduce the number of comparison operations by
filtering out pairsthat are unlikely to be a match and by creating candidate records. Several
techniques exist to do so, and blocking is one of the most used ones.



In the record comparison step, the candidate records generated in the previous step are
compared morein detail by taking into account all the attributes (e.g. additional fields
containing the address of the company or its activity). Rather than exact matching, which
could miss many entities that are the same but appear dlightly different due to thingslike
typographical mistakes, an approximate matching is usually conducted. Thisis done by
generating a similarity score between records, which is a number between 0 and 1. Similarity
of 1.0 would correspond to an exact match between two values. By contrast, asimilarity of
0.0 correspondsto atotal dissimilarity between two values. Scores between 0.0 and 1.0
would correspond to some degree of similarity between two values. For each candidate
record pair several attributes are generally compared, resulting in a vector of numerical
similarity values for each pair. These vectors are called comparison vectors.

Once the comparison vectors have been calculated, pairs of entities have to be assigned to a
class: match, non-match, or a potential match. In the latter, a human can be used to resolve
the uncertainty and assign a match or non-match class manually. This can be done by
thresholding the sum of the elements of the comparison vectors. For example, if the
comparison vectors have 10 attributes, then the sum of their elements must be in the interval
[0,10]. A thresholding can be defined as follows: [0,4] non-match, [4,6] potential match,
[6,10] match. A potential match is escalated for manual review, but we must say that this can
be a slow process and proneto errors. An external service such as Amazon Mechanic Turk
can be used to outsource this process by crowdsourcing it. We must stress that any sort of
manual process like this, whether done internally or externally, needs to have clear and
definable criteria outlined, otherwise the accuracy is likely to be very low.

The last step is concerned with the evaluation of the quality of the matches and non-matches.
Techniques like F-score borrowed from the machine learning field are commonly used. The
quality of the matching is influenced by all the steps described above. The preprocessing step
helps make two different values similar. The indexing step leaves out very dissimilar records.
The algorithms in the data matching steps and the thresholds and the manual processin the
classification steps also have an influence on the final results.

We a'so note that how we store the matching results is important, especially when it comesto
backtesting investment strategies. In this case, we want to make sure that at any point in time
of the backtest, we are not inadvertently using data from the future. This can introduce an
upward bias to our results and make our backtest unrepresentative. Essentially, data can
—eakll from the future to our backtest.

We will make the distinction at this point between transaction time and belief time. A
transaction time denotes when a record was inserted into the database. It is usually recorded
automatically as atimestamp by the database system and cannot be modified. Belief time
refers to the time when the fact inserted into the database is valid.# For example, we might
believe that country X has a GDP? figure for 2015 of, say, $1 trillion. We might have this
belief and insert it as arecord as of December 31, 2016. We might then update our belief on
January 31, 2017, and insert it as a new record with the new GDP figure. Belief times, in
general, can be intervals, pointsin time, or a series of pointsin time.



Constructing the database in such a (bi-temporal) way means that we can now find out what
our belief time was for any given past transaction time (e.g. what was our belief as of January
15, 2016, with regard to the GDP of country X). Thus, bi-temporal databases of this kind
allow retroactive updates coming into effect after the period of time the data is referencing.
They aso support proactive updates coming into effect before the period of time the datais
referencing.

The results from entity matching should be stored in away such that there are bi-temporal
relationships between a permanent entity identifier and the entity attributes used in the
matching process. This enables point-in-time or as-of queries to be used and allows for
historical analysis without bias. Thisissue about point-in-time recording is also applicable to
the underlying dataset itself, in addition to any history of the entity relationships.

3.3.2 Missing Data

Across many different fields, ranging from finance and economics to energy and
transportation, to geophysical, meteorological, and sensor data, one of the challenges when
working with dataisthat it is rarely complete. For instance, about 28% of publicationsin
finance between 1995 and 1999 are reported to contain on average about 20% missing values
(see Kofman, 2003). As analyzed in Rezvan et a. (2015), a sample of more than 100 papers
in medical research between 2008 and 2013 typically contain missingness fractions
exceeding 20%. The reasons for data to be incomplete are manifold and usually domain
specific. Possibilities include faulty sensors or processes, incomplete records, mistakesin
data collection, unavailability to report certain information, or other very specific reasons.
Often it is also not known exactly why datais missing. In most casesit is not possible to
recover missing values through additional data collection or measurements. Therefore, when
building data applications, one has to accept incompl ete data as the norm and devise
appropriate strategies for dealing with it. We will dedicate one full chapter (Chapter 7) to
missing data and will present detailed case studies in Chapter 8.

3.3.3 Structuring the Data

According to widely cited statistics, 80% 95% of the datain the world comesin unstructured
form: text, images, videos, and the like. Data can be also semi-structured like, for example,
XML files containing both text and tags. Regardless of the origin of data (individuals,
institutions, and sensors), making it useable requires it to be converted to a structured form,
sharing acommon format. Once it isin a structured form, it becomes easier to analyze.

There are some necessary steps for this to happen. Once data has been captured into araw
digital format, it needs to be preprocessed and validated at every step. Quite often, data can
be of such low quality that it makes no senseto useit any further. Therefore, at each major
stage of preprocessing it islogical to perform avalidation check that would filter only the
datathat is good enough to proceed to more downstream tasks. When reading documents
electronically, for example, it would be important to perform quality checks on PDFsfirst to
assess Whether they are —extractable.ll These checks can include assessing whether PDFs



have sufficient contrast, reasonable DPI, lack of noise, and so on. If the quality is very bad,
then it islogical to drop these specific observations. If the quality is average, then we can try
to fix. If we assess that the quality is good enough after these various preprocessing steps, we
can start doing Optical Character Recognition (OCR). After performing OCR and before
trying to process the extracted information, we can do additional checks, thistime, for
example, on the tables/text specific to the business case at hand.

In the case of web text, preprocessing might also involve removing data that is superfluous
for deciphering any meaning, such as HTML tags and other code. These parts of the text are
primarily for acomputer to interpret and do not aid human interpretation. It also means
removing sections of the text that are human-readable but are unlikely to be of interest, such
as the navigation bars, page numbers, and disclaimers. By the end of this step, we should be
left with the body text of the article. This body text can be structured using NLP (Natural

L anguage Processing) to add additional metadata to help with interpretation. Earlier stages of
NLPwill include steps such as word segmentation to pick out individual words. Downstream
from that, part-of-speech tagging can be applied to identify which words are verbs and nouns,
for example. The final structured output can be viewed as a summary of the raw data, which
could be more easily stored in a database and analyzed than the original unstructured dataset.

Later on, the text may be classified to identify the overall topic. Name entity recognition is
also key to identifying proper nouns of interest, such as people, places, and brands. Thisis
usually combined with entity matching, too, so entities tagged in text can be mapped in
tradable instruments. Sentiment analysis can be used to understand how positive or negative
the text is. For speech data, we also have the additional step of applying speech recognition
in order to transcribe the actual audio into written text.

The equivalent of NLP for images is computer vision. Just as with NLP, the goal of computer
vision isto get an understanding of the data from a human perspective. It encompasses a
number of different methods. Like text, images need to be cleaned before any further higher-
level steps are taken for interpretation. The first step for images will include image
processing, such as changing the contrast and sharpening, as well as the removal of noise.
Other tasks include edge detection and image segmentation to split an image into various
regions or to simplify it; these tasks are tackled by convolutional neural networks (CNN).
These image preprocessing steps are essential preparation for higher levels of analysis later.

From a higher-level perspective, computer vision tries to interpret an image to add additional
metadata to it and to structure it. These computer vision tasks include image recognition or
classification for the entire image. It could also be to pick out specific objectsin an image,
namely object detection, where we seek to create a bounded box around objects. This
includes object classification and object identification. One simple example of object
classification could be to classify a—burgerll and then identification of its specific type, such
as -Whopper.ll We could view facial recognition as a very specific example of object
identification. In recent years, machine learning, and in particular deep learning techniques,
have become very suitable for tasks within computer vision such asimage classification. The
use of machine learning has not been confined to the higher-level tasks only. It has also been



helpful for a number of image processing tasks, such as image colorization and removing
blurring from an image. While many of the tasks associated with computer vision are also
applicable for video, some are very specific to video, such as object movement tracking or lip
reading.

Computer vision can also be used as part of an NL P task when our input text is not already in
adigitized text format, but it is instead within an image. This can occur when the input text
consists of handwriting. We can use OCR to pick out printed text not only from documents
discussed earlier but also when reading road signs for self-driving cars. We discuss the
structuring of images and computer vision in Section 4.5 and use casesin more detail in
Chapter 13 and natural language processing in Section 4.6 and use cases in Chapter 15.

Even if data has arelatively common structure already, such as trade transaction data, we
might still want to add other fields to help with additional classification of the dataset. In the
case of transaction data, thisislikely to involve adding tags to describe the general type of
counterparties, such as understanding whether they are on the sell side, buy side, or a
corporate firm, for example. Aswith many types of structuring, thiswill involve joining it
with other datasets.

3.3.4 Treatment of Outliers®

Data, even if structured, isinvariably fraught with records that could substantially deviate
from expected patterns. As with missing data, the primary cause of such technical outliers
could be faulty sensors, processes, or mistakes in data collection. These technical outliers can
also be referred to as unwanted anomalies or noise. As Huber (1974) puts it, noise
accommodation refers to immunizing a statistical model estimation against anomalous
observations. Other outliers are not technical but something that isinherent in the data itself
and that we actually want to model (e.g. credit card fraud transactions, insurance claims,
extreme events in financial time series, or cyber-breaches).

Three types of outliers detection techniques exist!| supervised, semi-supervised, and
unsupervised:

e Supervised anomaly detection assumes the existence of alabeled dataset of outliers
versus normal observations on which a classifier can be trained. Then the model is used
on new data records to determine which class they belong to.

e Semi-supervised anomaly detection assumes the existence of alabeled dataset only for
the normal class. A model isthen built for the class corresponding to normal behavior,
and used to identify outliersin the test data.

e Unsupervised anomaly detection means that a labeled dataset is not required, which
makes this the most widely used approach. The techniques in this category make the
implicit assumption that normal instances are far more frequent than anomaliesin the
test data.

According to the domain and nature of the data, the type of anomaly, and the challenges



associated with anomaly detection, different techniques may be applicable. We will discuss
those in much greater detail in Chapter 9.

3.4 AGGREGATING THE DATA

Let's say we have already structured the data to some extent and we have aready flagged and
treated the outliers. Whatever input data we have, whether images or text, are now in a
standardized format. Our dataset is also tagged with metadata fields to help describe the data.
Some of these might be text based (like tickers) or numerical. The numerical fields might be
car counts, sentiment, and so on.

The next step isto aggregate the data to make it more readily available for use in atrading
strategy or afinancial model. Typically, time series derived from our alternative data might
be available on an irregular frequency while our financial model might be expecting data that
has a regular frequency (e.g. every minute, or daily). Hence, we should think about
resampling our dataset to fit. If we are getting high-frequency observations from news data,
we can think about getting a summary statistic to describe the whole day, whether a mean,
median, or some range. Obviously, this resampling will necessitate the loss of some
information, but it is essential to creating useful information that can be incorporated into a
comprehensive model. The final output is likely to be an index of some sort that can be used
as an input into another model.

We could employ many other types of aggregation, in addition to frequency. Another
common type of aggregation is that based upon the ticker and also the location or indeed any
other category style tags. Indeed, many of the use cases later in the book employ alternative
data that has been aggregated by category or ticker. In some cases, it might be alegal
requirement to aggregate parts of the dataset, to ensure that specific people or counterparties
are not identifiable, before distribution (see Section 3.1).

3.5 SUMMARY

In the alternative data investment-driven process, there are some potential risks and pitfalls
that we have pointed out so far. First, many data sources could contain rapidly decaying
signals, no signals at all, or are ssmply too expensive compared to the strength of the signal
that can be extracted. Second, even if thereisasignal as of today, there is no guarantee that it
will persist long enough in the future to justify the initial investment (price of the data and
infrastructure costs). Third, finding talent with the right skillset and domain knowledge is
still achallenge at the moment of writing. This could be a significant source of model risk.
Finally, in arapidly evolving world, new laws could emerge daily in different geographies
and this can all of a sudden preclude the use of some types of alternative data (e.g. persona
data).

We will show in what follows that having the right approach and strategy to navigate the
complexities deriving from the use of alternative data is an absolute necessity if one wantsto



reap rewards hidden in it. Although this sounds like a difficult journey, we believe that in the
end it will be worth the effort. But before that let's turn to discuss some methodological
challenges that can be encountered along the way.

In this chapter, we also talked about many of the challenges associated with alternative
datasets. One of these is entity matching. Thisinvolves being able to convert references to
entities such as brands or people to traded assets. These references need to be recorded in a
point-in-time format. More broadly alternative datasets need to be structured. Often they can
be in forms such as images and text, without a common format. \We need to convert
alternative datasets such as images and text into a more readily consumable form for
investors, such as numerical time series. Other challenges we mentioned are not exclusive to
alternative datasets, such as being able to deal with missing data and also being able to pick
out outliers. We will discuss those in greater detail in Chapters 7, 8, and 9.

NOTES
1 It took effect on May 25, 2018.

2 Inthe case of extra-EU companies, the amount of their EU operations could be limited so
a better estimate of their earnings could be possible provided that the local data protection
laws they operated under are not that stringent as the GDPR.

3 An entity can be acompany, a person, a product, or a security, for example.

4 Thistype of database is called temporal.

5 Past GDPfigures of countries are frequently revised months after they are first officially
released.

6 Wewill use the words —-anomalyll and —eutlierll interchangeably.

7 See Chandola (2009).



CHAPTER 4
Machine Learning Techniques

4.1. INTRODUCTION

In this chapter, we will discuss several topics centered on machine learning. The rationale
behind discussing it is that machine learning can be an important part of utilizing aternative
data within the investment environment. One particular usage of machine learning concerns
structuring the data, which is often a key step in the investment process. Machine learning
can also be used to help create forecasts using regressions, such as for economic data or
prices, using various factors, which can be drawn from more traditional datasets, such as
market data and also alternative data. We can also use techniques from machine learning for
classification, which can be useful to help us model various market regimes.

To begin with, we give a brief discussion concerning the variance-bias trade-off and the use
of cross-validation. We talk about the three broad types of machine learning, namely
supervised, unsupervised, and reinforcement learning.

Then we have a brief survey of some of the machine learning techniques that have
applications to alternative data. Our discussion of the techniques will be succinct, and we will
refer to other texts as appropriate. We begin with relatively simple cases from supervised
machine learning, such aslinear and logistic regression. \We move on to unsupervised
techniques. There is also adiscussion of the various software libraries that can be used such
as TensorFlow and scikit-learn.

The latter part of the chapter addresses some of the particular challenges associated with
machine learning. We give several use casesin financial markets, and which machine
learning techniques could be used to solve them, ranging from forecasting volatility to entity
matching. We talk about the difficulties that arise when using it with financial time series,
which are by nature nonstationary. We also give practical use cases on how to structure
images and also text, through natural language processing.

4.2. MACHINE LEARNING: DEFINITIONS AND
TECHNIQUES

4.2.1. Bias, Variance, and Noise

This section discusses one of the most important trade-offs that must be considered when
building a machine learning model. This trade-off is general and arises regardless of the
domain and the task we are focused on. While it is methodological in nature, there are al'so
additional trade-offs between methodology, technology, and business requirements. We will



touch upon those in Section 4.4.4. What we can say at this point is that the choices we make
here in regard to this trade-off can significantly impact on our investment strategy.

Imagine that we have adataset @ and want to model the relationship y = f(x) + £ with

x,y € D. Aspointed out by Lopez de Prado (2018)1 models generally suffer from three

errors. bias, variance, and noise, which jointly contribute to the total output error. More
specificaly:

Bias: Thiserror is caused by unrealistic and ssimplifying assumptions. When biasis
high, this means that the model has failed to recognize important relations between
features and outcomes. An example of thisistrying alinear fit on data whose data-
generating processis nonlinear (e.g. quadratic). In this case, the algorithm is said to be
—anderfit.ll

Noise: Thiserror is caused by the variance of the observed values, like changes to
external variablesto the dataset or measurement errors. This error isirreducible and
cannot be explained by any model.

Variance: Thiserror is caused by the sensitivity of the model predictions to small
changesin the training set. When the variance is high, this means that the algorithm has
overfit the training set. Therefore, even minuscule changes in the training set can
produce wildly different predictions| for example, fitting a polynomial of degree four
to data generated by a quadratic data-generating process. Ultimately, rather than
modeling the general patternsin the training set, the algorithm has mistaken the noise
for signal. Hence, it wasfit to the noise, rather than the underlying signal.

We can express thisin mathematical terms as follows. Assume the data-generating process
(unknown) isgivenby v = f(x) + & with E[¢] = 0 and Var(e) = gf. | iswhat we

have to estimate. Let's denote by ? our estimate. The expected error of the fit by the
function }\‘(_r) at the point y = Y isgiven by:
E[(y = f®)’|x = X]
= o7 + [E[f®)] - f@) + E[f®) — EF @)
= ES - Bf{I.H'E[?(E]] — '.fif.'r(?{f}}

» . g .
= [rreducible error + Bias~ + Variance (4.1)
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FIGURE 4.1 Balance between high bias and high variance.

Source: Based on data from Towards Data Science (https://towardsdatasci ence.com/understanding-the-bias-variance-
tradeoff-165e6942b229).

Typically, the bias decreases as model complexity? increases. The variance, on the other

hand, increases.2 If we assume that the data we are modeling is stationary over the training
and test periods, then our aim will be to minimize the expected error of thefit (e.g. when
trying to forecast asset returns). This error will then be an interplay between variance and
bias and will be influenced by the complexity of the model we choose, as Equation 4.1
shows. Hence, we want to strike a balance between bias and variance. We don't want a model
that has high bias or high variance (see Figure 4.1).

Of course, most of the time we will be (hopefully!) making models assumptions rooted in
economic theory that will limit the model space, and hence typically reduce the model
complexity. Other times we will make sacrifices, such as when required to deliver the results
of acalculation on an unstructured dataset quickly and on a device that is slow, for example,
amobile phone| inthiscase asimpler model could be preferred but we should always keep
in mind the trade-off of this section. In essence, we want to make the model simple enough to
model what we want, but no simpler.

4.2.2. Cross-Validation

Cross-validation (CV) is a standard practice to determine the generalization capability of an
algorithm. When calibrated on atraining set it can yield very good fits but out-of-sample its
performance can be drastically reduced. In fact, as Lopez de Prado (2018) argues, ML
algorithms calibrated on atraining set —are no different from file lossy-compression
algorithms: They can summarize the data with extreme fidelity, yet with zero forecasting
power.ll Lopez de Prado also arguesthat CV failsin finance asit is far-fetched to assume that
the observations in the training and validation set arei.i.d. (independent and identically
distributed). This could happen, for example, due to leakage when training and validation
sets contain the same information.

In general, CV isaso used for the choice of parameters of amodel in order to maximize its



out-of-sample predictive power. We do not want to fit parameters that happen to simply work
in avery short and specific historical period at the cost of poor out-of-sample performance.

For the purposes of an investment strategy, our CV will be determined by the backtesting
method, where we specifically |leave some historical datafor out-of-sample testing. We
discussed backtesting methodology in Section 2.5. We will also discussit again in great
length in Chapter 10, and in many of the later use cases in the book. We note that while
backtesting has the general flavor of a CV method, it is not subject, at least to the same
degree, to the criticisms made earlier. By design, it can better handle non-i.i.d. data, whichis
what we need.

4.2.3. Introducing Machine Learning

We have already mentioned machine learning a number of timesin the text, with reference to
many areas of relevance for alternative data, such as structuring datasets and anomaly
detection. In the next few sections of the book, we give an introductory look at machine
learning and discuss some of the most popular techniques used in this area. Later, we delve
into more advanced techniques such as neura networks.

All of machine learning can be split into one of three groups: supervised learning,
unsupervised learning, and reinforcement learning. In al types of machine learning, however,
we are trying to maximize some score function (or minimize some loss function), whether
thisisalikelihood (from classical statistics) or some other objective function.

4.2.3.1. Supervised Learning

In supervised learning, for each data point, we have a vector of input variables, x , and a
vector of output variables, v , forming aset of (x, y) pairs. Theamisto try to predict ¥ by

using x .2 Within this predictive branch of supervised learning, there are two streams:
regression and classification. Regression consists of trying to predict a continuous variable,
suchas y € (—o0, co). An example might be predicting a stock's returns using the current
interest rate, X1, and a momentum indicator for the stock, X>. For classification, we predict
which group something belongsin, suchas y € {0, 1}. Anexample might be trying to
predict whether a mortgage will default (belongsto class | ) given the recipient's credit
score, X1, and the current mortgage interest rate, 2.

Classification problems are then further subdivided into two categories, generative and
discriminative. Generative algorithms provide us with probabilities that the inputs belong to
each class, such as P (mortgage will default|credit score of 670) and interest rate of

4% = (.1 . We must then decide how to use these probabilities to assign classes.
Discriminative algorithms merely assign a class to each of the input vectors.

In Chapter 14, for example, we use supervised learning in the form of alinear regression to
fit earnings per share estimates with various alternative datasets, such as location data and
news sentiment for specific US retailers.



4.2.3.2. Unsupervised Learning

Rather than trying to predict the data, unsupervised learning is about understanding and
augmenting the data. Here, instead of having (x, y) pairs, we simply have x vectors (i.e.
there is nothing to predict). Outputs of unsupervised learning can often be good inputsto
supervised learning models. Among the many subfields of unsupervised learning, the most
popular are probably clustering and dimensionality reduction. Clustering is about grouping
data points, but without prior knowledge of what those groups might be, whereas
dimensionality reduction is about expressing the data using fewer dimensions.

A common example of clustering isin assigning stocks to sectors. Thisis particularly useful
for diversification because it may not be particularly obvious at first that a stock should
belong to a sector. By understanding how the elements of our universe form groups (i.e.
sectors) we can ensure we don't give any one group too much weight within our portfolio.

4.2.3.3. Reinforcement Learning

For reinforcement learning, rather than map an input vector, x , to aknown output vector that
denotes some variable, V , either continuous or categorical, we instead want to map an input
vector to an action. Thisis done without prior knowledge of which input vectors we want to
map to which actions. These actions then lead to some reward, either immediately or |ater
down the line, decided by some rule set or —environment.|l

If supervised learning is deciding which stocks will experience positive returns (which we
would then decide to buy), then reinforcement learning is about teaching the model which
stocks to buy (without explicitly stating so) by alowing it to learn that buying stocks that
experience positive returnsis a good thing. One way to do thisis perhaps by giving it a
—+ewardll proportional to end-of-day P& L and reinforcement learning, therefore, could be
useful to derive trading strategies themselves, rather than us building the strategies around
fixed rules where the inputs to those strategies come from models.

The difficulty with reinforcement learning is that, because our model starts off as being
—dumbll and we often have many choices we could make at any point in time, it requires a
very large amount of datato train, likely more than currently exists for any financial market.
One way to overcomethisisif we could set up away to artificially generate real enough
financial market simulationsto allow the model to learn what to do in certain situations,
much like how we can simulate games of chess or Go. Doing this, however, is not so simple,
athough there have been some attempts to address this problem in finance.

Reinforcement learning looks like it could be extremely powerful when applied to finance;
however, at present, we are at very early stages. As such, we don't discuss reinforcement
learning further in this text. For readers interested in methods of creating synthetic financial
data, Pardo (2019) discusses the use of GANSs (generative adversarial networks) to create
such datasets. It shows how to create financial time series that exhibit similar characteristics
to existing time series. For example, it shows how to create many synthetic time series that
have similar behavior to the popular VIX index.



4.2.4. Popular Supervised Machine Learning Techniques

4.2.4.1. Linear Regression

Linear regression is probably the first model one should learn in one's attempt to expose
oneself to machine learning. It is remarkably simple to understand, quick to implement, and,
in many cases, extremely effective. Before attempting any other more complicated model,
one should probably attempt a linear model first. Thisis also our approach in the use case
chapters.

Linear regression, unsurprisingly, assumes alinear relationship between the dependent
variable, ¥ , and the explanatory variables, -X; . In particular, the model is usually denoted

y=fo+ X, fix;+ € o y=xTf +¢ with x augmented to include an element
that isalways | to represent theintercept ff,, and £ theerror term.f In linear regression we
are attempting to minimize the sum of the squared errors, E:‘:] g2 (i.e. OLS, ordinary least
squares) | see Figure 4.2 for an example.

Other than linearity, we further assume that:
e Theerors, ¢ , are:
o Normally distributed with mean zero, and
o Homoscedastic (all having the same variance)
e Thereisno (or suitably small) multicollinearity between the -X; , and

e Errors have no autocorrelation| knowledge of the previous error should not give any
information about the next error.

Violations of these assumptions can lead to very strange results. It is, therefore, worth doing
some quick checks beforehand to see if they seem to be roughly met. Variations, such as
ridge regression, instead minimize a penalized version of the sum of squared errors. This
approach is less susceptible to overfitting based on outlying points, making the model less
complex, and also deals with some of the problems of multicollinearity between the various

X .

Linear regression is often used in finance in the modeling of financial time series, given that
we often have only small datasets for learning parameters. Thisis particularly the case if we
are limited to using daily or lower-frequency data. This contrasts to techniques such as neural
networks, which have many more parameters and hence need much more training data to
learn these parameters. Another benefit of linear regressions is that we can often more easily
explain the output (within reason, provided there are not too many variables).

This ability to explain the output of amodel isimportant in areas such as finance, particularly
if we are trying to do higher-level tasks, such as generate atrading signal. It tends to be less
important where we are trying to automate relatively manual tasks, where we can more
readily explain a—ground truth.ll These can include cleaning a dataset or doing natural



language processing on atext.

For an example of how linear regression can be used specifically for alternative data models,
see Chapter 10, where we use it to create trading strategies for automotive stocks, based on
traditional equity ratios and also an alternative dataset based on automotive supply chains.
Linear regression is also used in many other instances in this book, to help model estimates
such as earnings per share, using input variables such as physical customer traffic data
derived from location data (see Chapter 14), and using input variables like retailer car park
counts derived from satellite imagery (see Chapter 13).
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FIGURE 4.2 Visualizing linear regression.

4.2.4.2. Logistic Regression

Logistic regression is to classification what linear regression isto regression. It is, therefore,
one of the first machine learning methods one should learn. Like linear regression, logistic
regression takes a set of inputs and combines them in alinear fashion to get an output value.
If this output value is above some threshold, we classify those inputs as group | and
otherwise as group () (see Figure 4.3). Asdoing things on alinear scaleis slightly confusing,



logistic regression converts this linear value to a probability through the use of the logistic
1 o

function, f(x) = T,

Putting this all together, we calculate the probability that the inputs belong to group 1 by

caculating p = f (fy + Xy Bix;). of p = f(xT ), and classify the inputsto group |
if p > 0.5 andto group () otherwise. Similar to linear regression, logistic regression
assumes that there islittle to no multicollinearity between the -X; . However, aswe apply a
nonlinear transformation here, instead of requiring alinear relationship between the X; and

?

¥, weinstead require alinear relationship between the X; and log (I’—P) , the log-odds.
The only strict constraint is that an increase in each of the features should always lead to an
increase/decrease in the probability of belonging to aclass (i.e. increase always causes
increase or increase always causes decrease). Like linear regression, logistic regression is
likely the first model one should attempt when trying to classify something based on just a
few inputs (i.e. not performing something like image classification, although it is possible in
theory).
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FIGURE 4.3 Visualizing logistic regression.




Logistic regression could be used in avariety of situations within finance. Some obvious
areas could include classification of different market regimes. We could seek to create a
model to classify if markets were ranging or trending. Typical inputs of such a model could
include price data for the asset we were seeking to identify and also volatility. Typicaly,
lower levels of volatility are related to ranging markets while increasing levels of volatility
tend to be an indication of trend. A simple approach could be used to identify the various risk
regimes of a market, using various risk factors as inputs. These risk factors could include
credit spreads, implied volatility across various markets, and so on. We could also include
alternative datasets such as news volume or readership figures. For example, in Chapter 15,
we discuss how news volume can be a useful indicator to model market volatility and we also
give specific examples around macroeconomic events like FOMC meetings.

4.2.4.3. Softmax Regression

Although powerful, logistic regression, in the form described above, does not handle the case
of multiple classes. Say we want to predict whether a stock will experience returns below
=20, from =2 to 29 , or above 27 . How do we handle this with logistic regression?
Thisis where softmax regression (aka multinomial logistic regression) comes in. We won't
get into the mathematics of why softmax regression is the natural extension of logistic
regression, but simply state its formula. In softmax regression, for n classes, we take:

cxp(n';' X)

n T .
o1 exp(w; x)

Thisalows usto predict the class of something in avery similar fashion to logistic
regression, only this time with more than two classes. Here it is common to take the class
with the highest —probabilityll as what we classify the inputs to.

Pxej)=

4.2.4.4. Decision Trees

Unlike previously mentioned methods, decision trees can be used for both classification and
regression. Essentially, decision trees boil down to a series of decisions, such as—sx; > 5

2l The results of these decisions instruct us on which branch of the tree to follow, |eft or
right. In thisway, we can arrive at a set of leaves at the end of our tree. These leaves can feed

either to aclass (i.e. classify something) or to a continuous variable (i.e. regress something).8
Generally, for regression, the leaf node j outputs the average value of the dependent
variable for al data points that pass the set of rulesto arrive at leaf | . Because of their
structure, decision trees can easily take in both categorical and continuous variables as
inputs. Furthermore, decision trees have none of the linearity assumptions that linear and
logistic regression have. Finally, they automatically perform what we call feature selection
through their training. After we have trained our model, there may be features that are not
used in our tree, an indication that these features are unnecessary.



4.2.4.5. Random Forests

Random forests are an extension of decision trees that make use of the —wisdom of the
crowdll mantra, similar to the efficient market hypothesis. Although each individual decision
tree is often not particularly performant in itself, if we can train lots of them, their average
probably is, assuming we don't just have all trees predicting the same thing. To achieve this,
we first perform what is called bagging. Bagging consists of training on only a random subset
of the available data. This leadsto different trees through different training sets. To further
arrive at different trees, instead of randomly selecting data for each tree, at each new node,
we only allow the algorithm to select from arandom subset of the available features when
deciding which to make a split on. This stops all trees deciding to split on, say, X first, thus
leading to an even more diverse set of trees. Finally, now that we have a group of, hopefully,
different trees, we take their average prediction as our overall prediction. This group of trees
Is our random forest. For a use case of random forestsin filling missing values in the case of
time series data, see Chapter 7.

4.2.4.6. Support Vector Machines

Support vector machines (SVMs) essentially boil down to finding aline (hyperplane) that
best separates two different classes of data points. In fact, SYMs are very similar to logistic
regression in this sense. Where they differ, however, is how thisis achieved. Logistic
regression trains to maximize the likelihood of the sample. SV Mstrain to maximize the
distance between the decision boundary (line/hyperplane) and the data points. Figure 4.4
shows an example of a decision boundary in black along with the distance of the nearest
points for each class. Obvioudly, this cannot always be done by a straight line. If we would
like to create amodel to classify different market regimes, SVM can be considered as an
alternative to using logistic regression, which has historically been used for such models.

An important point is that logistic regression is more sensitive to outliers than SVM due to
the loss function used. Note that it isn't always the case that having less sensitivity to outliers
Is advantageous.
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FIGURE 4.4 SVM example: The black line is the decision boundary.

While logistic regression outputs a probability of belonging to each class (it is generative),
SVMs simply classify each data point (they are discriminative) and so we don't get a sense of
whether data points were —ebvioudlyll in aclass, such as p = (0.99, or somewhere between

two classes (on the border), suchas p = (.51 .

A benefit of SVMs, however, comesin how they deal with nonlinear relationships. Since
their invention in 1963, mathematicians came up with the —kernel trickll so that SVMs can
support nonlinear decision boundaries. Generally, akernel is used to embed the datain a
higher-dimensional space. In this new space, we may be able to find alinear decision
boundary, after which we can transform back to the origina space, resulting in a nonlinear
decision boundary. In Figure 4.5, we illustrate the kernel trick. We first present a two-
dimensional space. We can see that it is difficult to separate the two clusters from drawing a
straight line. By converting to a higher-dimensional space, in this case of dimension three, we
find that it is now possible to separate out the points with alinear hyperplane.

SV Ms have been shown to perform well for image classification. While they do not perform
aswell as CNNs® when there is alarge amount of training data at hand (e.g. for image



recognition), for smaller datasets they tend to outperform them.

4.2.4.7. Naive Bayes

The final supervised learning method we will mention is naive Bayes. Naive Bayesisa
classification algorithm that uses the critical assumption that the value of each feature, X; , is
independent of the value of any other feature, ; , given the class variable, V .

Using Bayes' theorem, we have that:
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FIGURE 4.5 Kernel trick example.

In this formula the following assumption was made:

P(X, =x1,X, = %|¥ =y) = P(X; = x,|Y = )P(X, = x%,|Y = y)

(i.e. the features are independent given the class V ). Thereis not asingle algorithm for
training naive Bayes classifiers, but rather afamily of algorithms based on the
aforementioned assumption.

If the assumption of naive Bayesis satisfied, it generally performs very well; however, it still
can perform well if it isviolated. Naive Bayes often only requires a small amount of data to
train on; however, given enough data, it is often surpassed in its predictive ability by other
methods, such as random forests.

Naive Bayes has been shown to be useful for natural language processing and, therefore, can
be useful for sentiment analysis. We discuss natural language processing in more detail in
Section 4.6.



4.2.5. Clustering-Based Unsupervised Machine Learning Techniques

4.25.1. K-Means

K-means attempts to group data pointsinto k groups/clusters. Essentially it randomly
assigns k —+neansll in our data, groups each data point to a—eanll via some distance
function, and recal culates the mean of each group. It iterates this process of assigning data
points to a group/mean and recal culating mean locations until there is no change. As new
data points arrive, we can, therefore, assign them to one of these groups. K-meansisused in
Chapter 7 to describe the missingness patterns within the data. We also use it in Chapter 9, in
a case study based on Fed communication events. There, we find that K-meansis particularly
effective in identifying outliers in among the various Fed communication events.

Aswith other clustering algorithms, it also has applicability for identifying similar groups of
stocks. Aswe noted earlier in this chapter, typically, stocks tend to be grouped together based
on sectors that have been picked by experts. However, in practice, when using clustering
algorithms based on their price moves, we might discover dependencies between stocks that
are not necessarily explained by such sector classifications. Furthermore, such approaches
are far more dynamic than arbitrary sector classifications, which rarely change over time.

4.2.5.2. Hierarchical Clustering

Rather than assume centroids/means for clusters, hierarchical cluster analysis (HCA)
assumes either that all data points are their own cluster, or that al data points arein one
cluster. It moves between these two extremes, adding or removing to the clusters based on
some notion of distance. An example might be to start with all data pointsin separate
clusters, linking them together according to whichever data point/cluster is nearest to another.
This continues this until one ends up with one large cluster. Thisway one can have any
number of clusters k according to the hierarchy one builds by linking clusters together.

If we think of portfolio optimization, Markovitz's critical line approach uses optimization
based on forecasted returns, which is hard to estimate. The results can often be quite unstable
and can sometimes concentrate risk in a specific asset. Risk parity, on the other hand, doesn't
use covariance, and instead weights assets by the inverse of their volatility.

Instead, hierarchical clustering can be used in portfolio construction. Lopez de Prado (2018)
introduces the hierarchical risk parity approach in order to do asset allocation and avoids the
use of forecasted returns. It doesn't require having to invert a covariance matrix, but instead
uses the covariance matrix to create clusters, and then diversifies the portfolio weights
between the various clusters.

4.2.6. Other Unsupervised Machine Learning Techniques

Other than clustering, there are many other ways in which we can explore our unlabeled data.

4.2.6.1. Principle Component Analysis



Principle component analysis (PCA) consists of trying to find anew set of orthogonal axes
for our data, with each successive axis explaining less of the variance than the previous. By
doing this, we can select a small subset of our new axes to use while still being able to
explain the majority of the variance in the data. PCA can, therefore, be seen as a sort of
compression algorithm. One example of PCA within financeisin interest rate swaps (IRSs)
where the first three principal components explain the level, slope, and curvature of the IRS
curve, typically explaining 90 99% of the variance. Singular value decomposition, an
extension of PCA called singular value decomposition (SVD), is used in Chapter 8 to
reconstruct time series and images with missing points.

4.2.6.2. Autoencoders

Although we don't describe them fully now, autoencoders are similar to PCA in that they
allow usto express our data via a different representation (encoding) and are typically used
for dimensionality reduction. They are also useful in allowing models to learn which
combinations of categorical inputs are similar. For more information on autoencoders, see
Section 4.2.8.

4.2.7. Machine Learning Libraries

In this section, we describe two of the most popular machine learning libraries that we also
use for the use cases we will explore later.

4.2.7.1. scikit-learn

The absolute go-to machine learning Python library for almost all of the above methodsis
scikit-learn. It offersahigh-level API for a plethora of the most popular machine learning
algorithms also offering preprocessing and model selection capabilities.

4.2.7.2. glmnet

As the name would suggest, gimnet is used for running general linear models. Originally
written for the R programming language, there are now both Python and Matlab ports. It
offers methods to train linear, logistic, multinomial, Poisson, and Cox regression models. It
has a more statistics-focused set of algorithms than scikit-learn, offering J? values and such
for trained models.

4.2.8. Neutral Networks and Deep Learning

Now that we have been introduced to the basics of machine learning, let us discuss the
current hot topic, neural networks. They have many applications, especially when dealing
with unstructured data, which is essentially most of the alternative data world. Roughly
speaking, a neural network is a collection of nodes (aka neurons), weights (slopes), biases
(intercepts), directed edges (arrows), and activation functions. The nodes are sorted into
layers, typically with an input layer, n = () hidden layers, and an output layer. For every
layer other than the input layer, each node has nodes from previous layersfed into it (viathe



directed edges), each of which is multiplied by some weight, summed together and added to

abias.22 The node output is generated by applying an activation function to this weighted
sum.

Ultimately, we need to fit the various parameters of the neural network to the data. Aswith
other machine learning techniques, this involves selecting a set of weights and bias in order
to minimize aloss function. Thefirst step isto randomly initialize the various weights of the
model. We can then do forward propagation, to compute the node output from the inputs and
randomized parameters. The output from this randomized model is then compared to the
actual output we want by computing the loss function. In the context of atrading strategy, our
model output could be the returns,

The next step isto select new weights, so that we can reduce the loss function. We could
attempt to do this by brute force. However, thisis typically not feasible given the number of
parameters in many neural networks. Instead, we take the derivative of the loss function to
understand this will give us the sensitivity of the various weights with respect to the loss
function. We can then backpropagate the loss from the loss at the output to the input nodes.
The next step isto update the weights, depending on the sign of the derivative. If the
derivative is positive, it means that making the weight greater will increase the error, hence
we need to reduce the size of that weight. Conversely, a negative derivative implies we
should make the weight greater.

We then loop back to the beginning and start again, with our new updated weights, rather
than the randomized weights. This exercise is repeated till our model convergesto an
acceptable tolerance. The learning rate will govern how much we —-bumpll the weight. The
step size needs to be sufficiently small for the search not to skip over local optima. However,
iIf the step sizeistoo small, it will be computationally more expensive to find a solution,
given that we will end up doing many more loops.

We shall now follow with some examples of neural networks, and also how to represent other
statistical models like linear regressions as neural networks.

4.2.8.1. Introductory Examples

4.2.8.1.1. Linear regression as a neural network In Figure 4.6 we have an input layer, an
output layer, and no hidden layers. We have 2 nodesin our input layer, X and X2, and |
node in our output layer, V . For the output layer, each node in the previous layer (here our
input layer) has an associated weight, W and W2. We also have abias, p . To —feed
forwardll from our input layer to our output layer, we multiply each input by its weight, sum
all the results together, and add on the bias. In the case of Figure 4.2 we, therefore, have
v=>b+wx; +wyxy,0r y=w!x+ b, ourstandard linear regression equation.

4.2.8.1.2. Sngle class logistic regression as a neural network You may notice that we
originally mentioned activation functions, but we have not used them so far. To illustrate the
use of an activation function, we now demonstrate logistic regression. Similar to before, we



have 2 input nodesand | output node (see Figure 4.7). Here, however, instead of the output
node having an associated bias and weights for the previous layer, it now also has an
associated activation function, f, the logistic (also known as the expit) function, with

flx) = prve— Here, the equation becomes y = f(b + wx; + w,x,), Of

y = f(w!x 4 b), the standard logistic regression equation. We could say then that
previously we used the identity function f(x) = x asthe activation function.

4.2.8.1.3. Softmax regression as a neural network Finally, we now show multi-classlogistic
regression (see Figure 4.8). Notice here that each node on the input layer now has two
weights associated with it, each pertaining to a different node in the next layer. Thisiswhy it
makes more sense to think of the weights as —belongingll to the node they feed into (and
storing them in avector). For the activation functions, however, they are all the same across
thislayer, f,(x) = exp(x), asisusualy the case. From this hidden layer, we then apply
another —activation functionll by normalizing our scores so that they sumto | to represent
probabilities, Io(z) = Ze+ . Alternatively, we could have represented this with just input
=1
and output layers with a slightly more complex activation function, the softmax function.



FIGURE 4.6 Visualizing linear regression as a neural network.




FIGURE 4.7 Visualizing logistic regression as a neura network.
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Hopefully, from these examples, we can see that, roughly speaking, a neural network isa
system of layers of nodes, each of which feeds forward toward some output, whether that be
continuous variables for regression, or class probabilities for classification. It is easy to see
how more and more of these layers could be added to move further and further away from
the —nice,ll —standardll functions we apply to an input and create highly nonlinear, difficult-to-
describe relationships between our input and output vectors.

FIGURE 4.8 Visualizing softmax regression as a neural network.

4.2.8.2. Common Types of Neural Networks

Linear, logistic, and softmax regressions are actually all types of feed forward neural network
(NN). Although thisis one of the most popular types of NN, many others exist. A few
popular examples are:

e Afeed forward neural network isatype of neural network where connections between
the nodes do not form acycle. In these networks, the information is only passed
forward, from the input layer, through the hidden layers (if there are any), and to the
output layer. All those shown in the previous sections are types of feed forward neural



networks. Feed forward networks are generally further split into two main types:

o A multi-layer perceptron (MLP) isthe most standard form of neural network. It
consists of an input layer, some number of hidden layers (at least one), and an
output layer (see Figure 4.9). Each layer feeds to the next and through an activation
function. Specificaly, all those shown in the previous sections are MLPs. As
shown, they can be used for both regression and classification.
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Hidden layer
FIGURE 4.9 Multi-layer perceptron with 1 hidden layer.




o Convolutional neura networks (CNNSs) are popular for problems where thereis
some sort of structure between the inputs, such as in an image where adjacent
pixels give information about the pixel in question. They arein fact atype of feed
forward NN, but typically the 2D/3D structure is kept intact (see Figure 4.10).
Generally, one passes some sort of —scannerll or —kernelll over the structure, which
takes in some n-by-n(-by-n) subset of the image and applies afunction to it, before
moving one step right and doing the same. This processis repeated across the
image from left to right, top to bottom, until we then have some new layer of
transformed images. These layers are built up in asimilar way to a standard feed
forward NN to eventually yield an output layer. CNNs are particularly good at
Image detection, both in classifying an image and finding objects within an image.
We discuss these in Section 4.5.2, in the context of structuring images.

e Recurrent neural networks (RNNs) are aclass of artificial neural networks where
connections between nodes do not have to point —forwardll toward the output, but rather
can point in any direction other than back to the input layer. This allows it to exhibit
temporal dynamic behavior. Unlike feed forward neural networks, RNNs can use these
loops (which act like memory) to process a sequence of inputs. As such, they are useful
for tasks such as connected handwriting or speech recognition. Given their temporal
nature, the hope is that they could provide a breakthrough in financial time series
modeling. LSTMs (long short-term memory) are an extension of RNNs, which enable
longer-term dependencies in time to be modeled.

e Autoencoder neural networks are designed for unsupervised learning. They are
popularly used as a data compression model to encode input into a smaller dimensional
representation, similar to principal component analysis (PCA). They are trained by first
converting to this lower-dimensional representation, before then being decoded to
reconstruct the inputs back in the original dimensions, with the loss function increasing
the more the reconstructed image deviates from the original. We can then take the layers
that reduce the dimensionality of our inputs and use this new output (our encoding) as
INputs in a separate model.
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FIGURE 4.10 Convolutional neutral network with 3 convolutional layers and 2 flat
layers.

e Generative adversarial neural networks (GANSs) consist of any 2 networks working
together, typically a CNN and an MLP, where one is tasked to generate content
(generative model) and the other to judge content (discriminative model). The
discriminative model must decide if the output of the generative model 1ooks natural
enough (i.e. is classified as whatever the discriminative model is trained on). The
generator attempts to beat the discriminator and vice versa. Through alternating training
sessions, one hopes to improve both models until the generated samples are
Indistinguishable from the real world. GANs are a current hot topic and look as though
they could be very useful for image/speech generation. A particular use within finance
could be artificial time series generation as discussed by Pardo (2019), as discussed
earlier in this chapter when talking about reinforcement learning. Hence, we can create
time series that have the characteristics of specific assets (e.g. VIX or S& P 500).
Generating these datasets would alow us to create unlimited training data to further
develop reinforcement learning based models.

4.2.8.3. What Is Deep Learning?

Deep learning (DL ) involves the use of neural networks having many hidden layers (i.e.
—deepll NNs). This depth allows them to represent highly nonlinear functions that pick up on
nonobvious relationships within the data. This contrasts to more traditional types of machine
learning, where we typically spend alarge amount of time doing feature engineering, which
relies upon our domain knowledge and understanding of the problem at hand. LeCun,
Bengio, and Hinton (2015) give the example of when deep learning has been applied to the



problem of image recognition. The problem of image recognition is often cited as being one
of the major successes of deep learning. Typically, the first layer will try to pick up edgesin
specific areas of the image. By contrast, the second layer will focus on patterns made up of
edges. Thethird layer will then identify combinations of motifs that could represent objects.
In all these instances, a human hasn't made these features; they are al generated from the
learning process.

Due to their large number of parameters, they require avery large training set in order not to
overfit. However, it also allows them to be extremely flexible and pick up on highly
nonlinear relationships, often resulting in less feature engineering being required, although
there might still well be a certain amount of hand tuning involved, such as understanding the
number of layers, which we should include in the mode!.

4.2.8.4. Neutral Network and Deep Learning Libraries

4.2.8.4.1. Low-level deep learning and neutral network libraries Theano and TensorFlow
areto NN libraries as NumPy isto SciPy, scikit-learn, and scikit-image. Without NumPy,
many popular scientific computing libraries would not exist today and, similarly, without
either Theano or TensorFow, many of the higher-level deep learning libraries popular today
would not exist. Below we describe them in more detail and also outline PyTorch.

e Theano. Theano is a Python library used to define, optimize, evaluate, and analyze
neural networks. Theano heavily utilizes NumPy while supporting GPUsin a
transparent manner. Much like NumPy, although you could build a complete NN using
Theano, you probably don't want to, in the same way that you usually don't want to
build alogistic regressor from scratch in NumPy, but rather using scikit-learn. Instead,
Theano isalibrary that is often wrapped around by other libraries providing more user-
friendly APIs, at the cost of flexibilitypu

e Tensor Flow. Like Theano, TensorFlow is another library that can be utilized to build
NNs. Originally developed by Google, it is now open source and extremely popular.

e PyTorch. More recently, PyTorch has been developed as an aternative to Theano and
TensorFlow. It uses avastly different structure to the aforementioned that resultsin
slower performance but is easier to read and, therefore, easier to debug code. PyTorch
has become popular for research purposes, whereas Theano and TensorFlow are more
popular for production purposes.

Next, we compare these various libraries in more detail.

e PyTorch versus Tensor Flow/Theano. So why would one prefer PyTorch over
TensorFlow/Theano? The answer is static versus dynamic graphs. We won't get into the
nitty-gritty of what static and dynamic graphs are; however, in summary, PyTorch
allows you to define and change nodes —as you go,ll whereas in TensorFlow and Theano,
everything must be set up first and then run. This gives PyTorch more flexibility and
makes it easier to debug but also makes it slower. Furthermore, some types of NN
benefit from the dynamic structure. Take an RNN used for natural language processing



(NLP). With a static graph, the input sequence length must stay constant. This means
you would have to set some theoretical upper bound on sentence length and pad shorter
sentences with 0s. With dynamic graphs, we can allow the number of input nodesto
vary asis appropriate.

e Theano versus Tensor Flow. If one has decided on Theano or TensorFlow over
PyTorch, the next decision is, therefore, Theano or TensorFlow. When deciding between
the two, it isimportant to consider afew things:

o Theano isfaster than TensorFlow on asingle GPU, whereas TensorFlow is better
for multiple GPUS/distributed systems, as many of those in production are today.

o Theano is dightly more verbose, giving more finely grained control at the expense
of coding speed.

o Most importantly, however, the Montreal Institute for Learning Algorithms
(MILA) have announced that they have stopped devel oping Theano since the 1.0
release. Indeed since 2017, there have only been very minor releases.

o Assuch, the general consensus seems to be that people prefer TensorF ow, with
TensorFlow having 41,536 users, 8,585 watchers, and 129,272 stars on GitHub to
Theano's 5,659, 591, and 8,814 respectively at time of print.

It is somewhat a case of —horses for courses,|l however. TensorFlow is likely the safer bet if
one must decide between the two. Another consideration when it comes to performanceis the
cloud environment one is using.

4.2.8.4.2. High-level deep learning and neutral network libraries  For many purposes, users
might prefer higher-level libraries to interact with neural networks, which strip away some of
the complexity of dealing with low-level libraries like TensorFl ow.

o Keras. As previously mentioned, there exist many equivalents to scikit-learn, but for
NNSs, the most popular of which is probably Keras. Keras provides a high-level API to
either TensorFlow or Theano; however, Keras is optimized for use with Theano. Google
have integrated Keras into TensorFlow from version 2 onwards.

e TF Learn. LikeKeras, TF Learnisahigh-level API, however, thistime optimized for
TensorFlow. Strangely, although TF Learn was developed with TensorFlow in mind, it is
Keras that seems to be more popular on GitHub with 27,387 users, 2,031 watchers, and
41,877 starsto TF Learn's 1,500, 489, 9,121 respectively at the time of writing. In that
sense, it is not as clear which of the two to use between Keras or TF Learn asit iswith
Theano and TensorFlow.

4.2.8.4.3. Middle level deep learning and neutral network libraries

e Lasagne. Lasagneisalightweight library used to construct and train networksin
Theano, being less heavily wrapped around Theano than Kerasiis, providing fewer
restraints at the cost of more verbose code. Lasagne acts as a middle ground between



Theano and Keras.

4.2.8.4.4. Other frameworks While TensorFlow has become one of the most dominant
libraries for neural networks and has become a core part of many higher-level libraries, it is
worth noting that there are frameworks available, some of which we discuss here.

e (Apache) M XNet. Although it offers a Python API, MXNet istechnically aframework
rather than alibrary. The reason we discuss it is that, although it does have a Python
AP, it aso supports many other languages, including C++, R, Matlab, and JavaScript.
Furthermore, MXNet is developed by Amazon and, as such, was built with AWS in
mind. Although MXNet takes a bit more code to set up, it iswell worth it if you plan to
perform alarge amount of distributed computing using, say, AWS, Azure, or YARN
clusters. Finally, MXNet offers both an imperative programming (dynamic graph)
structure, like PyTorch, and a declarative programming (static graph) structure, like
Theano and TensorFlow.

e Caffe. Unlike the other frameworks previously mentioned, Caffe does not provide a
Python API in the same way that the others do. Instead, you define your model
architecture and solver methods in JSON-like files called .prototxt configuration files.
The Caffe binaries use these .prototxt files asinput and train your network. Once
trained, you can classify new images using the Caffe binaries or through a Python API.
The benefit of thisis speed. Caffe isimplemented in pure C++ and CUDA, alowing
roughly 60 million images per day to be processed on a K40 GPU; however, it can make
training and using models cumbersome, with programmatic hyperparameter tuning
being particularly difficult.

4.2.8.4.5. Processing libraries  Another thing to consider when using alternative datais
preparing your data. Although data vendors may provide you with the raw data you require,
it may not be labeled or processed for you. Here we focus on general-purpose libraries. Later,
in the book, we also discuss libraries specifically relevant for common tasks in structuring
alternative data, namely image processing and natural language processing.

o NumPy. Although you probably know about NumPy aready, many do not utilize it to
its full extent. NumPy can be particularly useful when utilized properly dueto its
vectorized functions. Want to create an image mask? If your image isloaded into a
numpy.ndarray, simply type mask = i mage < 87. Want to set pixels under that mask to
white?i mage[ mask] = 255. Although rudimentary, NumPy is very powerful and should
not be overlooked.

e Pandas. Similar to NumPy, Pandas has an enormous arsenal of useful (vectorized)
functions for us to use, making data preprocessing far easier than with standard Python
alone.

e SciPy. What can be thought of as an extension of NumPy, SciPy offers another vast set
of useful preprocessing functions. From splinesto Fourier transforms, if there is some
special mathematical/physical function you desire, SciPy is the first place you should



look.

4.2.9. Gaussian Processes

In this section, we hint at another useful technique that has come to the fore recently |
Gaussian processes (GP). GPs are genera statistical models for nonlinear regression and
classification that have recently received wide attention in the machine learning community.
Given that any prediction is probabilistic when we use Gaussian processes, we can construct
confidence intervals to understand how good the fit is. Murphy (2012) notes that having this
probabilistic output is useful for certain applications, which include online tracking of vision
and robotics. It is aso reasonable to conclude that such probabilistic information is likely to
be useful when it comes to making financial forecasts.

Gaussian processes were originally introduced in geostatistics (where they are known under
the name —Krigingll). They can be aso used to combine heterogeneous data sources, which
occurs frequently in alternative (and non-alternative) data applications. Work has been done
in this area by Ghosal et a. (2016), who use GPs to combine the following data sources:
technical indicators, sentiment, option prices, and broker recommendations to predict the
return on the S& P 500. Before discussing the paper of Ghosal (2016), we will briefly
illustrate Gaussian processes based on that paper. For more details we refer the reader to
Rasmussen (2003).

A Gaussian processis a collection of random variables, any finite subset of which has ajoint
Gaussian distribution. Gaussian processes are fully parametrized by a mean function and
covariance function, or kernel. Given areal process, f(x), aGaussian processis written as:

f(x) ~ GP(m(x), k(xx"))
with m(x) and k(x,x") respectively the mean and covariance functions:
m(x) = E[f(x)]

k(x,x") = E[(f(x) — m(x)) X (f(x") — m(x"))]
with centered input set X = {xy, ... ,x,},outputset y = {y, ... .y, }. The Gaussian
Process f , thedistribution of f = [f(x,), ... .f(x,)]’ isamultivariate Gaussian:

f~N(0.K)

where K ; = k(x;,X;). Conditional on f', we have:

i | () ~ N'(0,0,)

where .g-;: parameterizes the noise. Due to the Gaussian distribution being self-conjugate, we



have the following marginalization (independent of x , i.e. for apoint in general, possibly
where we have no observations):

_‘:‘1; -~ Nn({}-. K -l !'T”I}

When it comes to making a prediction, y*, at some new unseen point, y* (i.e. conditioning
on the training data) we then have that:

_.' |I$,X,yHNﬁ[ki;[Ki'r}'il’]_i‘}"ﬁﬁ.’#% _k${K+{T;_:I)—Ik$T}
where K; ; = k(x;,X;), k* = [k(xy,x%), ... ,k(x,,x*)] and k** = k(x*,x*).

This setup alows us to encode prior knowledge of f through the covariance function
k(x,x") with observation datato create a posterior distribution based on our observations.

The choiceof [k , often called akernel, allows us to dictate what behavior we would expect
from points based on their proximity to one another. One such as the Gaussian Radial Basis
Function alows usto encode the fact that points nearby in vector space should realize similar
valuesof f .

As Chapados (2007) points out, Gaussian processes differ from neural networksin that they
rely on afull Bayesian treatment, providing a complete posterior distribution of forecasts. In
the case of regression, they are also computationally relatively ssmple to implement. In fact,
the basic model requires only solving a system of linear equations, albeit one of size equal to
the number of training examples, that is, requiring (O N2) computation. However, one of the

drawbacks of Gaussian processes is that they tend to be less well suited to higher-
dimensional spaces.

As explained by Chapados (2007), a problem with more traditional linear and nonlinear
models is that making a forecast at multiple time horizons is done through iteration in a
multi-step fashion. Furthermore, conditioning information, in the form of macroeconomic
variables, can be of importance, but exhibits the cumbersome property of being released
periodically, with explanatory power that varies across the forecasting horizon. In other
words, when making a very long-horizon forecast, the model should not incorporate
conditioning information in the same way as when making a short- or medium-term forecast.
A possible solution to this problem is to have multiple models for forecasting each time
series, one for each time scale. However, thisis hard to work because it requires a high
degree of skill on the part of the modeler, and is not amenable to robust automation when one
wants to process hundreds of time series. Chapados (2007) offers a GP-based solution to
forecasting the complete future trajectory of futures contracts spreads arising on the
commodities markets.

Asfor Ghoshal (2016), they analyze 12 factors that are thought to be signals for the next
day's S& P 500 returns, split into technical, sentiment, price-space, and broker-data groups.
They choose those deemed to have a significant correlation with the target to analyze further,



namely; (1) 50-day SMA; (2) 12-day, 26-day, exponential MACD; (3) Stocktwits sentiment
factor; (4) a—directionalityll factor and; (5) a—wiscosityll factor. Testing both stationary and
adaptive Gaussian process models, they show that they can outperform their
stationary/adaptive autoregressive model benchmarks in both cases, even when just using
factors from one group. Furthermore, they also show how GP models can give us the
relevance of afactor (either stationary over awhole period or adaptive over time). We will
present an application of GPsin the case study in Chapter 10.

4.3. WHICH TECHNIQUE TO CHOOSE?

There is no general-purpose algorithm that can provide a best solution for all the problems at
hand. Every problem, depending on its domain, complexity, accuracy, and speed
requirements, might warrant a different methodological approach, and hence will result in
different best-performing algorithms. The no-free-lunch (NFL) theorems have been stated

and proven in various settingst centered on supervised learning and search. They show that
no algorithm performs better than any other when their performance is averaged uniformly
over al possible problems of a particular type. This means that we need to develop different
models and different training algorithms for each of them to cover the diversity of problems
and constraints we encounter in the real world.

With the mass advent of unstructured data, we may need to use more advanced techniquesto
those traditionally used within finance. For example, the analysis of unstructured data such as
images cannot yield good results with the standard statistical tools. Logistic regression can be
used for this task, but the classification accuracy is generally low. There have been recent
developments in the machine learning field that now allow us to analyze images, text, and
speech with ahigher level of accuracy. Deep learning is one such development. Deep
learning for avariety of image recognition tasks, for example, has surpassed human

performance.22 We discussed deep learning in Section 4.2.8.

We itemi ze the techniques typically used to solve the most common types of problems, based
on our experience (see Table 4.1). Thelist is not exhaustive and techniques different from the
onesin thelist could also fare well, so the reader should take thislist as a starting map, not an
absolute prescription. We will describe typical use cases that are of interest to the financia
practitioner in the left column of the table. Corresponding suggestions are in the right
column, many of which use models we have discussed earlier in this chapter. We also refer
the reader to Kolanovic and Krishnamachari (2017), which has alarger list of various
finance-based problems and potential machine learning methods that can be used to solve
them.



TABLE 4.1 Financial (and non-) problems and suggested modeling techniques.

Market regime identification Hidden Markov Model

Future price direction of assets, basket of assets and Linear regression, LSTM13
factors

Future magnitude of price change of assets, basket of  Linear regression, LSTM
assets and factors

Future volatility of assets, basket of assets and factors GARCH (and variants), LSTM

Assets and factors clustering and how it changesover  K-means clustering, SVM
time

Asset mispriced to the market Linear regression, LSTM
Probability of an event occurring (e.g. market crash) Random forests
Forecast company and economic fundamentals Linear regression, LSTM
Forecast volume and flow of traded assets GARCH (and variants), LSTM
Understanding market drivers PCA
Events study (reaction of prices to specific events) Linear regression
Mixing of multi-frequency time series Gaussian processes
Forecasting changesin liquidity of trading Linear regression, LSTM
Feature importance in asset price movements Random forest
Structuring

e |mages Convolutional neural networks

o Text BERT X XLNet!®

e Speech Deep neural networksg Hidden

Markov model

e Video Convolutional neural networks
Missing data imputation Multiple singular spectral analysis
Entity matching Deep neural networks

In the latter part of this chapter we give some practical examples of using various techniques
for structuring images and text.

In order to select the best method to analyze data, it is necessary to be acquainted with
different machine learning approaches, their pros and cons, and the specifics of applying
these models to the financial domain. In addition to knowledge of models that are available,
successful application requires a strong understanding of the underlying data that are being
modeled, as well as strong market intuition.



4.4. ASSUMPTIONS AND LIMITATIONS OF THE
MACHINE LEARNING TECHNIQUES

Machine learning and, in general, quantitative modeling is based on assumptions and choices
made at the modeling stage whose consequences we must be aware of. They seem trivial but
in practice we have seen alack of awareness about what these assumptions entail. First, there
Is difference between causality and correlation and it is the former we need most of the time
when making predictions. Second, nonstationary data makes learning very difficult and
unstable in time, yielding unreliable results. Third, it isimportant to bear in mind that a
dataset we work on is aways a subset of variables that might drive a phenomenon. Precious
information that can complement a dataset might lie in other, different datasets, or even in
our expert knowledge. Last, the choice of the algorithm must be determined given its known
limitations, the data at hand, and the business case. We now turn to discuss these aspectsin
detail.

4.4.1. Causality

In the previous sections, we have provided a list of suggested different machine learning
techniques according to the use case but there is a common aspect (and a potential problem)
to many of the applications that we must be aware of. In classification (prediction) tasks we
always try to learn the functional relationship between a set of inputs and an output(s). In
doing so, we will likely encounter an old known problem| spurious correlations, or
statistical coincidences. But even if arelationship between two variablesis causa (i.e. there
is no third variable acting as a confounder), a neural network, or even the much simpler
linear regression, cannot tell the direction of causality, and hence input and output can be
exchanged finding equally strong association.

Nevertheless, for certain tasks, in order to have arobust model, one that does not frequently
need recalibration and whose results hold through time, solid domain-specific reasoning is

warranted when building it.2° Thisisto say that the causes must be the inputs to a model
trying to predict an output (the effect). As Pearl (2009) points out, causal models have a set
of desirable characteristics. To use histerminology, casting a treatment of a problem in terms
of causation:

o Will make the judgments about the results +obustll

e Will make them well suited to represent and respond to changes in the external
environment

o Will alow the use of conceptual tools that are more —stablell than probabilities

o Will also permit extrapolation to situations or combinations of events that have not
occurred in history

When it comes to practicalities one must make sure that the processes by which the training
datais generated are stable and that the relationships being identified are relationships that



occur because of these stable causal processes. This can be atricky task as most of the time
causal relationships between variables are not known or nonexistent. However, we must be

sure that we have inputted the best of our domain knowledge into the problem at hand. This
leads us to another important point: stationarity.

4.4.2. Non-stationarity

The lack of stationarity isvery tricky to deal with and in most cases machine learning models
cannot cope with it. In fact, learning always assumes that the underlying probability
distribution of the data from which inference is made stays the same. Thisis a condition that
is hardly encountered in practice. We note that stationarity does not ensure good (or any)
predictive power asit is anecessary but nonsufficient condition for the high performance of
an algorithm. If we take the examples where deep learning has been particularly successful, it
has typically been where the characteristics of the underlying dataset are relatively static,

such as identifying catsin photos! or counting cars in parking lots or language translation.

The change in the distribution of data contained in development/test datasets versus the data
in the real world on which amodel is subsequently applied is called dataset shift (or drifting).
Dataset shift could be divided into three types: (1) shift in the independent variables
(covariate shift), (2) shift in the target variable (prior probability shift), and (3) shift in the
relationship between the independent and the target variable (concept shift). Only the first
type has been extensively studied in the literature (see e.g. Sugiyama, 2012) and there are
some recipes of dealing with it while the other two are still being actively researched.

Financial time series exhibit non-stationarity, such that properties like their mean and
variance can change significantly and the underlying probability distribution can changein a
totally unpredictable way. This can be particularly observed during periods of market
turbulence where there are structural breaks in the time series of many variables (e.g.
volatility). These can be especially brutal for, say, managed currencies, where volatility is
kept artificially low through central bank intervention and then explodes when central banks
no longer have sufficient funds to keep the currency within atight bound.

4.4.3. Restricted Information Set

Another important point is that any algorithm istrained on arestricted information set| both
number of features and history | given by the specific dataset. Thus the insights that can be
derived are inherently limited to what is contained in that dataset. In this sense, algorithms
are blind to what happens outside of their narrow world. Essentially, data you have does not
tell you about the data you do not have. To borrow the terminology popularized by Donald
Rumsfeld, these are essentially known unknowns.

This could become quite problematic when trying to predict market crashes, which arerare
events. Often early warning indicators can be found by looking outside the dataset and be
integrated with the findings of an algorithm that operates on that dataset. However, the
triggers for market crashes can vary significantly. For example, indicators within the
emerging markets may have been useful for predicting many crisesin the early 2000s and in



particular the Asian Crisisin 1997. However, they would not have been as important for
predicting the global financial crisis, which emanated from developed markets, such asin US
subprime, before spreading. Variables related to developed market credit spreads would have
been far more insightful in this instance than those related to emerging markets that moved
later after the contagion. Commonly this can be done through a human-in-the-loop
intervention to correct or complement the inputs/outputs of amodel. In this case humans can
exceed algorithms as knowledge of the context is sometimes more useful than tons of past
data. Humans are sometimes extremely good at prediction with little data. We can recognize
aface after seeing it only once or twice, even if we seeit from a different angle or years after
we last saw it. Deep learning algorithms, on the other hand, require hundreds if not thousands
of imagesin the training set.

See Agrawal et al. (2018) for amore detailed reasoning on this topic. Of course, there are

al so the unknown unknowns. These elude both machines and humans. Last, in Agrawal et
al.'slingo (but not in Rumsfeld's), there are the unknown knowns where the algorithm gives
an answer with agreat confidence, but this can be spurious because the true underlying
causality is not understood by it. We refer to Agrawal et al. for more details.

4.4.4. The Algorithm Choice

Finally, the choice of an algorithm| another assumption| will be important in the use case at
hand and it must be guided by the nature of the problem we are trying to solve and the
amount of data available. As aready mentioned, there is no best-performing universal
algorithm. Deep learning models do an excellent job counting carsin parking lots, or
extracting sentiment from text, but they might not perform as well when predicting financia
time series, in particular for lower-frequency data. Where data is particularly scarce, we
could find that simpler machine learning techniques such as linear regression may be a better
choice than more complicated deep learning approaches.

So what are the typical problems we face in finance? First, financial time series have alow
signal-to-noise ratio. Image recognition systems are very sensitive to noise. Hence, for
instance, adding some white noise to an image could completely alter the result of a
classification. Second, the amount of datais sometimes not sufficient because deep learning
is known to be data greedy. We can enlarge the sampl e to include more data points from the
past. However, we may encounter the non-stationarity issues discussed in Section 4.4.2 given
the continually changing nature of markets and the economy. For example, this approach is
unlikely to be useful to backtest a high-frequency trading strategy, if we end up examining
historical periods when the market was dominated by human market makers and had avery
different market microstructure. These types of markets were very different from subsequent
periods when electronic traders have come to dominate short-term price action.

We could use deep learning techniques, such as LSTM (long short-term memory) to explore
time series from high-frequency order book data. Aswe noted earlier in this chapter, the
benefit of LSTM over ordinary recurrent neural networks (RNNSs) is that they can capture
longer-term dependencies in the data while also forgetting less relevant events. Hence,



LSTMs can learn over many time steps. The ability to be able to explain these longer-term
dependenciesis key to time series modeling. Indeed, without the ability to model longer term
relationships in atime series, we would have difficulty modeling many patterns. These
patterns would, for example, include those associated with seasonality (for example, time of
day, day of the week, etc.).

In a high-frequency trading environment, we have very large amounts of datato train such a
model, not only the number of trades executed but also the much larger dataset of all
published quotes. Even in thisinstance, there are still likely to be multiple challenges, in
particular making sure that once amodel istrained, it can be executed quickly. If ahigh-
frequency trading model cannot be run sufficiently quickly, then it will be impossible to
monetize any of its trade recommendations. High-frequency trading strategies are often very
latency sensitive.

Bearing all these issuesin mind for the future, we now turn to discussing image and text
structuring and understanding.

4.5. STRUCTURING IMAGES

4.5.1. Features and Feature Detection Algorithms

When interpreting an image, humans try to focus on important elements and often ignore
much of the image. In a sense, we are subconsciously doing a dimensionality reduction of the
data. The principleis similar in computer vision where we might seek to convert an image
into afeature vector. Many alternative datasets that are relevant for finance are originally
derived from images. While it might be possible for a human to interpret an image, when the
volume of images becomes significant, thisis not possible. Hence, having effective
automated techniques to process these images isimportant. In Chapter 13, we specifically
give use cases for satellite imagery for investors. These datasets can be derived from many
thousands of images that would be very costly to processin a manual way and would also be
prone to inconsistencies.

In image recognition, we essentially seek to extract important features from an image, which
we hope are most useful for understanding its content. Salahat and Qasaimeh (2017) discuss
some ideal properties of such features, which we summarize here. Some features within the
image can be related to boundaries. Edges occur where there are sudden changes in the pixel
intensity. Corners, meanwhile, occur where edges join. Some features are based on blobs or
regions. Different blobs will be differentiated by differencesin terms of brightness, color, and
so on. Figure 4.11 presents a summary of various feature detector algorithms, breaking them
down by their category and what their classifier is based on (Salahat and Qasaimeh, 2017).

So what are the ideal properties of features? Features should be distinctive so they can be
distinguished from one another. They need to cover arelatively small area. In other words,
they need to be local. It needs to be computationally efficient to compute the features. Thisis
particularly relevant if we are using them for real-time applications, such as detecting objects



in real-time video feeds.

Features should be repeatable, so should be relatively stable from frame to frame. For thisto
be the case, they need to be invariant to changes in perspective and rotation. A horse, for
example, looks very different in profile compared to head on. Regardless of the angle of its
image, it is still very much a horse. Furthermore, they shouldn't be affected by factors
impacting image quality such as noise, blur, and compression artifacts. In Figure 4.12, we list
some of the various feature detector algorithms and how they fare in terms of these various
idealized feature qualities from Salahat and Qasaimeh (2017).

Category Classification Methodsand Algorithms
Edge- Differentiation Sobel, Canny

based based
Corner-  Gradient Harris (and its derivatives), KLT, Shi-Tomasi, LOCOCO, S
based based LOCOCO

Corner- Template FAST, AGAST, BRIEF, SUSAN, FAST-ER
based based

Corner-  Contour based ANDD, DoG-curve, ACJ, Hyperbolafitting, etc.
based

Corner- Learning NMX, BEL, Pb, MS-Pb, gPb, SCG, SE,tPb, DSC, Sketch Tokens,
based based etc.

Blob PDE based SIFT (and its derivatives), SURF (and its derivatives), CenSurE,

(interest LoG, DoG, DoH, Hessian (and its derivatives), RLOG, MO-GP,
point) DART, KAZE, A-KAZE, WADE, etc.

Blob Template ORB, BRISK, FREAK

(key based

point)

Blob Segmentation MSER (and its derivatives), IBR, Salient Regions, EBR, Beta-
(interest  based Stable, MFD, FLOG, BPLR

region)

Source: Based on data from Salahat and Qasaimeh (2017).
FIGURE 4.11 Various edge, corner, and blob-based feature detectors.




Features Rotation Invariance Affine Repeatability Qualities  Robustness Efficiency

Detector Scale L ocalization

Robustness
Harris Y | | +++ +++ +++ ++
Hessian Y | | +++ ++ ++ +
SUSAN Y | | ++ ++ ++ +++
Harriss 'Y Y | +++ +++ ++ +
Laplace
Hessian- Y Y | +++ +++ +++ +
Laplace
DoG Y Y | ++ ++ ++ ++
Salient Y Y Y ++ + ++ +
Regions
SURF Y Y | ++ +++ ++ +++
SIFT Y Y | ++ +++ +++ ++
MSER Y Y Y +++ +++ ++ +++

Source: Based on datafrom Salahat & Qasaimeh (2017).

FIGURE 4.12 Dominant feature detection algorithms and their properties.

So how can we use these features in practice for a computer vision problem like image
classification? The first step isto label the images we have, for example, —burgerll and
—ether.ll Then we need to convert all the images into their respective feature vector
representations by using afeature detector algorithm. The problem can then be solved asa
classification-style supervised machine learning problem. In thisinstance, we are essentially
trying to partition a high-dimensional hyperspace into areas for —burgerll and —ether.ll Our
hyperspace consists of many points, each of which feature a vector representing an image.
We could attempt to use a linear model, such as logistic regression to partition this space.
However, it islikely that nonlinear techniques like SVMs (support vector machines) would
yield better results.

4.5.2. Deep Learning and CNNs for Image Classification

Our discussion on computer vision has largely centered on constructing feature vector
representations using feature detection algorithms related to edges, corners, and blobs. This
approach seems intuitive given its similarity to the way we interpret an image. Istherea
better way to extract features that could yield better accuracy for example for image
recognition? Potentially can we automatically identify higher-level features? Would thisdo a
better job than a feature detection algorithm where we preprocess an image for features based
on intuitive features like corners?



We can use deep learning to —discoverll appropriate features, as mentioned earlier in this
chapter, as opposed to trying to create them ourselves by hand (i.e. feature engineering). In
particular, convolutional neural networks have been successful in the area of image
recognition, as we mentioned earlier. A CNN essentially skips the step where we apply a
feature detection algorithm. Instead, it uses raw pixel data as an input feature map, where
each pixel isbasically avector consisting of entries of red, green, and blue values. We can
think of the convolution operation as a dliding tile, which sweeps over the original image. As
the tile dlides over the image on overlapping parts of the image, it creates an output feature
map, constructing a dot product. In other words, it does a summation over the elementwise
multiplications with a set of weights. The size of the —glidell is known as the stride. Dumoulin
and Visin (2018) explains the impact of the stride and other factorsin the convolution
operation.

This matrix of weightsis known as afilter. Traditionally, the filter would have been
handcrafted to pick up specific relatively intuitive features, such as a horizontal, vertical, or
diagonal edge. However, in this case, we instead start with randomized weights, which are
later —fitted,ll so we can learn the important features, rather than prespecifying them.

It is common to have multiple filters applied, which increases the depth of the output. It is
important to note that the convolution step alows us to keep some of the relationship
between pixels that are near to each other. If this relationship was lost, it would make it much
more difficult to make sense of the image. The more filters are used, the more features can be
extracted by the CNN.

A nonlinearity is then introduced to the convoluted feature using a Rectified Linear Unit
(ReLU). The ReL U outputs the maximum of each matrix element and zero. Recalling our
introduction to neural networks, thisisaprominent recent example of an activation function.
Following this, there is the pooling step, where the convolution feature is downsampled. This
reduces the number of parameters and hence reduces computation time necessary when
training the network. There can be several convolutional and pooled layers after each other.
Theideaisthat through these multiple steps we can capture the important parts of the image
for classification purposes while discarding the less relevant parts.

After the convolutional and pooled layers, we flatten the image into along vector. The next
step is to have some fully connected layers, which perform the classification step for the
classes of objects we wish to identify. The final connected output layer will give a probability
for the input image matching a classification such as s this a burger?l The network can be
trained to fit the optimal weights through backpropagation. Typically, techniques based upon
CNN are far more prevalent these days when it comes to image classification, compared to
those using handcrafted features. The downside of such techniquesisthat it can sometimes
be more difficult to understand why a certain output has been generated, because the features
created may not always be intuitive. We could argue that for image recognition thisis less of
a concern, because the task they are performing is simply automating atask that a human can
do and check.



4.5.3. Augmenting Satellite Image Data with Other Datasets

Recognizing objects from a satellite image can be done using the techniques described
earlier. However, thisis not the only step we need to structure image datain order for it to be
useful for investing purposes. For each satellite image, there is associated geospatial data,
such as GPS coordinates, the timestamp, and so on. This data can be joined with datasets
containing addresses. As aresult, the objects detected on the image can be annotated with
additional tags. These tags can help us answer questions we can't answer from the satellite
image alone. These questions can include whether the location is associated with a particular
business, which particular city and country it isin, and so on. Typically, we might also wish
to understand changes in alocation over time, in particular if we wish to construct time series
for use by investors. We give a use case later in the book in Chapter 13, where we discuss
how investors can use satellite imagery of retailer car parks to help forecast earnings per
share for these companies.

4.5.4. Imaging Tools

In practice, if we want to process images, there are many existing libraries that can help us,
including:

e scikit-image. Another member of the scikit family, scikit-learn, while not offering
anything particularly fancy, offersaclean and ssmple API that is quick to pick up with a
plethora of useful functions. Want to find edges with a Sobel filter? edges =
skimage.filters. sobel (i mage).

e SciPy.ndimage. Probably one of SciPy's lesser known submodules is scipy.ndimage.
Providing many functions that can be applied to numpy.ndarraysit certainly comesin
handy now and then. Want to blur an image? sci py. ndi mage. gaussi an_fi | t er (i mage,
sigma=1).

e Matplotlib. Although generally used in analysis/exploration, matplotlib offers a GUI to
interact with images and can be used for centroid/bounding-box labeling by using its
event handling capabilities.

e Pillow. Pillow, afork from the now deprecated PIL, offers many basic image processing
functions, such as brightness and contrast altering functions.

e OpenCV. Open CV isanother framework that offers a Python API. A very powerful
library with many pre-trained models, one could spend alifetime learning all the ins and
outs of OpenCV.

e SimpleCV. SimpleCV can be thought of as the Keras of image processing. It offers
accessto several computer vision libraries, such as OpenCV, but with a higher-level
wrapper, resulting in a shallower learning curve.

4.6. NATURAL LANGUAGE PROCESSING (NLP)



4.6.1. What Is Natural Language Processing (NLP)?

Many alternative datasets consist of text. The web itself consists mostly of text. If we ignore
text-based data on the web, we are essentially ignoring alot of information that could
potentially be useful from an investment perspective. In Chapter 15, we discuss many
investment use cases for text, ranging from using social mediato help make economic data
estimates to using news sentiment to understand market sentiment. In order to make trading
decisions using text data, we have to go through a number of steps. In particular, given the
volume of text data, we need to have automated ways to analyze text. Thisiswhere natural
language processing (NLP) can help us.

In anutshell, NLP can be seen as away for a computer to understand human language.
However, in order to do NLP, we should first define the various parts of natural language.
Briscoe (2013) describes the various components of natural or human language and gives an
overview of NLP.

At the lowest level we have phonetics, which involves the specific sounds generated by a
human. Built on top of this we have phonology, which examines the sounds of a particular
language. The next level, morphology, looks at how words have been constructed and their
decomposition. For example, the word —burgersll can be broken down into —burgerll (which is
aroot) and —sll (which is a suffix showing plurality). We can have many other types of
construction, such as different verbal forms like eating (verb), eating (adjective), and eating
(noun). For certain languages, such as Arabic, morphology can be very important. At their
root, Arabic verbs usually consist of three root |etters (or sometimes four lettersin certain
cases) from which we can derive many different verb forms and related words, such as verbal
nouns, which in other languages may have different roots. For example, in Arabic the verbs
for —te teachll and —te learn,ll which have related meanings, have the same root. This
contrasts with English where each word is totally different.

Syntax is the way in which words are combined to make sentences. The grammar will dictate
how words can be combined together to form a grammatically correct sentence. Some
languages, such as English, have the word order SV O (subject-verb-object). By contrast,
Arabic tends to be VSO (verb-subject-object). However, for any particular set of words, there
are likely to be severa different grammatically correct word orders, each of which have
different meanings. For example, both —Alex consumes burgersll and -Burgers consume
Alexll are grammatically correct, but clearly they have totally different meanings. Indeed, in
English, without any word order there would likely be a significant amount of ambiguity for
the meanings of words. Potentially, though, we could have a more flexible ordering where
words change depending on their place in a sentence, which isreferred to as an inflected
language. Latin is an example of such alanguage, where extensive use of case endings lets us
tell whether, for example, aword is a subject or an object, without the need to adhere to a
strict word order.

Semantics is about the meaning of language. We should be able to understand a sentence so
we can answer questions like who, what, why, where, how, and when. Pragmatics refers to
understanding the text with context, which often requires knowledge of information beyond



the text itsalf.

NL P attempts to tackle problems at the various levels described above. Doing any sort of
analysis of syntax first involves word tokenization/segmentation to identify words. We can
then do other NL P tasks such as tagging the parts of speech (e.g. that words are nouns, verbs,
adverbs, and so on).

At the semantic level, there are also a number of important NLP tasks. One of the most
important is named entity recognition, to identify specific people, organizations, locations,
and so on, and also being able to do relation extraction between their entities. An ability to
extract the events and the temporal meaning is key. Thisis particularly true from the context
of an investor, where we are likely to place more weight on forward-1ooking statements,
compared to areview of historical market moves.

We a'so need to identify the semantic roles in the sentence, such asidentifying the agent of
the action and the target. More simply, an example of this can be asking, Who is doing what
to whom?ll Again, thisis very important for understanding the significance of a statement. If
the president of the United States calls for sanctions against an oil-producing nation, thisis of
more relevance than a State Department spokesperson. Semantic role labeling is an automatic
way to find these roles. We also have sentiment analysis to understand how positive or
negative atext is. We might also wish to do topic recognition to identify the general subjects
being discussed in a document.

NLP can therefore help usin our task of adding metadata to a particular text helping to
identify the following:

e Topic of the content: What isit generally about politics, economy, the weather, and so
on?

e Entitieslisted in the content: Are there any specific people mentioned, or companies,
and in particular do they relate to any tradable assets?

e Sentiment of the content: Isit broadly positive or negative?

In the following sections, we briefly examine afew topics from NLP. For readers wishing to
have an in-depth and more exhaustive look at NLP, we recommend reading Jurafsky and
Martin (2019) and we have used that as areference in this chapter. There are also many other
tasksin NLPthat are not related to understanding only. They can involve generation and
summarization of text, too.

4.6.2. Normalization

Normalization involves breaking down the text into a more common form. Word
segmentation or tokenization involves identifying separate words in text. In English, words
are generally broken up by spaces, but we need to be aware of many exceptions. For
example, -Burger Kingll could be considered a word despite having a space. At the same
time, we also need to be aware of words that might be written in different ways, such as
—KFCIl instead of <K entucky Fried Chicken,ll which are specific named entities. Other



languages such as Chinese need different techniques for word tokenization. Jurafsky and
Martin (2019) discuss using a maximum matching algorithm for word tokenization for
Chinese, which requires a dictionary of Chinese. By contrast this algorithm has more
difficultiesin English. Sentence segmentation, as the name suggests, involves identifying
separate sentences. Again, we might be able to utilize full stops as a marker, but need to be
careful so we are not confused by full stops used in other contexts like initials. Once the
words have been separated, we can put the words into more common forms, which involves
lemmatization and stemming. The words —ate,ll —eaten,ll and —eatsll are just different forms of
the same verb. Lemmatization would involve normalizing them to the root form —eat. |l
Stemming involves the simpler normalization of words like rendering plural nounsinto their
singular form. Obviously, what constitutes a word depends on the language!

A large number of common words are also unlikely to help with understanding the text and
are simply used for grammatical reasons, such as-thell and —&a.ll These are classified as stop
words and are typically removed during the normalization stage. However, asin our previous
example of —Burger King,ll we need to be wary of removing stop words, which could cause
Issues with named entity recognition. Let's take the example of the pop band —Fhe 1975.11 We
could useit in that specific context| for example, —Fhe 1975 won a Brit award.ll However,
another obvious context would be using it to refer to something that occurred in the year
1975, such as—Fhe 1975 United Kingdom European Communities membership referendum
resulted in entry to Europe.ll If we had removed the stop word of —Fhe,ll it would have
caused issues of understanding for the first sentence but not for the second sentence.

4.6.3. Creating Word Embeddings: Bag-of-Words

One of the simplest techniques to analyze atext involves using a technique known as bag-of -
words. Thisignores concepts like word order or grammar. Here we represent the words as a
—bag,ll which consists of words and their associated frequency in the text. Thisis essentially a
type of vectorized representation of our text, which is called word embedding.

There are many other ways to create word embeddings aside from bag-of-words. TF-IDF can
also be used, which weights the importance of words. Another approach is to use n-grams.
Here welook at nitemsin atext (such as words) together. However, this approach would still
struggle with identifying a sentence such as —+ was not at al goodll as a negative statement.
We can also extend such a vector into a matrix to work out similarities of words, counting the
number of frequencies of co-occurrences, such as within the same sentence. However, in
practice thisis likely to result in avery sparse matrix. Young, Hazarika, Poria, and Cambria
(2018) note that historically machine learning NL P has been trained on such very high-
dimensional and sparse features. Furthermore, they can involve a combination of handcrafted
features that can be labor intensive to complete.

4.6.4. Creating Word Embeddings: Word2vec and Beyond

While it can be argued that grammar can be codified in a systematic way, it is difficult to do
so in away that we make sure our rules are absolutely exhaustive, which makes it appealing



to automate the process. There has been considerable success in using deep learning for
understanding audio and image data. These naturally have dense representations (TensorFlow
Tutorials). In order to apply similar approaches using deep learning to text, we need to
somehow create word embeddings that are dense.

Instead of computing a word embedding using a technique like one we discussed earlier, such
as the frequency of co-occurrences, which results in sparse representations, we can use an
algorithm like word2vec introduced by (Mikolov, Chen, Corrado, and Dean, 2013). Asthe
name suggests, it converts words to vectors. word2vec computes the probability that words
are likely to be written near each other, essentially a probabilistic classifier. Thiswill create a
denser matrix representation of atext. Two underlying methods are used in word2vec,
namely CBOW (continuous bag of words) and skip gram. Both of these are types of neural
network, which we introduced earlier in this chapter, with three layers: an input layer, a
hidden layer, and an output layer. CBOW tries to predict the target word from the context of
what other words are around it. Skip gram works in the opposite direction, predicting the
context from our target word. Hence the output of skip gram could be more than one word. In
thisinstance, —eontextll basically means words near it within a specific sized window.

Mikolov, Chen, Corrado, and Dean (2013) note that these word embeddings or vector
representations of words can be added to give outputs, which have interesting properties.
They give an example showing that adding the vector representation of the Montreal
Canadiens, a Canadian ice hockey team, to the vector for Toronto and then subtracting the
vector for Montreal resultsin the vector for Toronto Maple Leafs, an ice hockey team based
in Toronto. Another example often cited in the literature around word2vec is how the vector
of king, take away the vector of man and with the addition of the vector of woman, resultsin
gueen. The fastText model extends word2vec, by looking at subwords; (see Bojanowski,
Grave, Joulin, and Mikolov 2016). In fastText, each word is represented by a bag of character
n-grams. The ideais that this approach can take advantage of morphology. At the sametime,
we do not have to explicitly define all the various rules for forming words, such as defining
prefixes, suffixes, and so on. As discussed earlier, certain languages such as Arabic are
heavily morphological.

Naili, Chaibi, Hajjami, and Ghezala (2017) discuss the difference between word2vec and
another similar word embedding method, GloVe (Global Vectors for Word Representation),
aswell as discussing how CBOW compares to skip gram with some experimental examples
in both English and Arabic. Rather than attempting to compute probabilities like word2vec,
GloVe is based upon the ratios of how often words occur near each other. It involvesfirst
creating a co-occurrence matrix for words. However, thisis then factorized to generate a
vector representation for each word. In both word2vec and GloVe, words such as —bankll will
have the same vector representation despite having different meanings within context such as
—+ver bankll or -bank deposit.ll

Newer techniques such as BERT (Bidirectional Encoder Representations from Transformers),
introduced by Devlin, Chang, Lee, and Toutanova (2018), can incorporate context within
their word representations. In words, as a contextual model, it creates a representation based



on other words in the sentence. As the name suggests, it is not a directional model, reading
text input in one direction (left-to-right or right-to-left), but it can examine the context words
in a bidirectional manner. We note that BERT is not unique in being a contextual model;
there are many other models that also incorporate context such as XL Net.

4.6.5. Sentiment Analysis and NLP Tasks as Classification Problems

Let's say we want to do sentiment analysis on atext to get an understanding of how positive
or negative it is. From an investor viewpoint thisislikely to be avery useful exercisefor a
number of reasons. Perhaps the most obvious use case is to understand whether a particular
news article on acompany is good or bad. It can also be useful to ascertain how people are
talking about certain brands and map these to an associated parent company.

We can give positive/negative scores for words. Words such as —Hkell would have a positive
score while words such as —hatell would have a negative score. Typically, there are many
existing semantic lexicons that classify words into positive and negative, which can be used.
Once we have the frequencies of each word, and their corresponding sentiment score, we can
aggregate together to form a sentiment score for the whole document. There are obviously
many shortcomings to this bag-of-words approach, given that we are ignoring how words
relate to one another, which can obviously change the meaning.

Jurafsky and Martin (2019) note many problemsin NLP involve some element of
classification. Sentiment analysis can be considered as a classification problem. Many other
problems associated with the document level are classification problems, such as determining
the author of adocument by its style or its language. Tasks that are not at the document level,
whether at the word level or at the sentence level, can also involve classification| take, for
example, the tagging of stop words or part-of-speech tagging.

When explaining sentiment analysis above, we used a rules-based approach by constructing a
weighted average sentiment score based upon how positive/negative words were in the text.
Aswith dealing with word similarity or many other NL P tasks that are essentially
classification problems, we don't have to use a rules-based approach. Instead, we could also
use a probabilistic classifier, which we mentioned earlier in the context of more complicated
word embeddings like word2vec. Ng and Jordan (2001) discuss the difference between two
different classes of classifiers: generative and discriminative. Let's say we have inputs

Xys --- s X, , which aretext, and thereisalabel V , which, for example, could be a binary
variable like —positivell or —regative.ll For a generative classifier like naive Bayes,

P(Y = y|X = x) will be calculated using Bayes rules indirectly. A discriminative
classifier, like logistic regression, instead models P(Y = y|X = x) by directly mapping
input x to ¥V through learning.

4.6.6. Topic Modeling

So far we have mostly discussed words and documents; however, in between them we have
the idea of topics. Topic modeling attempts to identify similarities at a higher level than



purely at the word level. In a sense we can think of a document as being about a number of
topics, and each topic is made up of agroup of words. Latent Dirichlet Allocation (LDA) isa
technique for extracting groups of words that are similar to one another, which we can group
together astopics. It will aso give us an indication of how each of these topics are weighted
in adocument. It is called —atentll because while we can observe the words, we don't actually
observe the topics directly, which are latent variables. LDA essentially helps us find the
distribution of the topics in a document, the number of topics, and how those words are
distributed, given a corpus of documents.

Trying to find thisjoint posterior probability distribution for the topicsin a document,
number of topics, and so on, istricky analytically. Instead, an approximation to this
distribution is found using a variational inference as explained in the paper that introduced
LDA; see Blei, Ng, and Jordan (2003). It should be noted that L DA applies unsupervised
learning; hence, it does not require the manual assignment of topics to groups of wordsin
documents beforehand. Although, we should note that —seedingll LDA can improveit, so it
will increase the probability of a certain topic for chosen words. Other techniques such as
NMF (non-negative matrix factorization) and L SA (latent semantic analysis) can also be
used. In practice, NMF often outperforms LDA.

4.6.7. Various Challenges in NLP

Adding additional metadata using various NL P tasks to atext can involve very particular
challenges. Let'stake, for example, named entity recognition. For the purposes of trading, we
often would like to do entity matching, in particular mapping a named entity to atraded
instrument. In practice, we might have a product or a brand listed. We therefore need to
augment our dataset so we can do entity matching from products or brands to companies.
Consider anews article that discusses the launch of a new iPhone. iPhone is not a tradable
financial instrument. However, Apple, which makes iPhones, is of course a tradable equity.
Hence, we need to have a mapping between Apple and iPhone, in other words performing
relation extraction. It islikely that an article would also mention Applein any case.

In other instances, it can be complicated to identify the tradable instrument. For an investor,
ultimately any signal needs to somehow map to atradable signal in the end for it to be
monetizable. In other words, we need to be able to do a profitable trade based on our trading
signal for it to be of use for an investor. If acertain piece of analysis or signal cannot be used
as part of an investor's decision-making process, then they can't monetize it.

Say we have anews article that refers to the launch of an Audi A8 luxury car. Audi asan
entity is not tradable. However, the parent company of Audi, Volkswagen, is atraded equity.
In thisinstance, a news article may well make no mention at all of Volkswagen, and hence
we have to augment our machine-readabl e text dataset with a dataset that has a mapping
between tradable companies and their subsidiaries. We could also have a mapping between
companies, for example, the relationship between car manufacturers and their supply chain
(see Chapter 10 for adetailed study on trading auto stocks based on automotive supply chain
data). For automakers, we might argue there are not really that many brands. However, for



many companies, it islikely to be extremely challenging. Take, for example, a company such
as Unilever, the Anglo-Dutch consumer goods company; they alone have hundreds of
different brands.

Hence, any sort of tagging of anews article or text in general needs to take these sorts of
indirect mappings into account. Either we need to derive such relationships or we can use a
premade set of mappings, such as TickerTags, which is a product from M Science. At present
TickerTags contains over amillion tags covering 3,000 public and private companies. Trying
to reproduce such a mapping dataset is likely to be very challenging and aso could be labor
intensive. Furthermore, we need to note that this mapping needs to be recorded in a point-in-
time fashion, because these brands and company relationships are not static. Hence, if we
create a point-in-time history of such a mapping, which islikely to be used for backtesting,
we would need to be careful not to induce any |ook-ahead bias.

In a sense, we can see a similar situation when we are trying to trade macro assets based on
purely macro news. A macro news article might not even mention any traded assets (e.g.
relating to economic data releases or central bank statements). We can use our domain
knowledge to map the relationships between these macroeconomic events and the macro
assets we are trading.

4.6.8. Different Languages and Different Texts

A word corpus is acollection of different texts that has been structured so it can be utilized to
help with NLP tasks. The idea of aword corpusisthat it should be representative of the type
of language we are studying and can also include text that was originally speech.

We have already noted that different languages will often require applying different
techniques for doing certain NL P tasks. Even in the same language, it is also the case that
texts can be quite different. We can find English language in tweets, financial news articles,
and the novels of Charles Dickens. However, there are likely to be very great differencesin
the style of English of each. It would not be representative to use aword corpus made up of
Charles Dickens to do semantic analysis on tweets that contain alarge amount of slang.
Hence, if we are using word corporain our NLP, it might be worth bearing in mind that we
should try to select the one that is likely to be closest to our use case.

Many word corpora are freely available on the web. For example, the BY U corpus
(https.//corpus.byu.edu/) aggregates many different word corpora covering a large number of
different sources, including aword corpus consisting of Time magazine articles from 1923 to
2006 (100 million words) to amore informal language in the Corpus of Contemporary
American/COCA English (560 million words). The largest word corpus they have isthe
IWeb: 14 billion Word Web Corpus, which has been derived from 95,000 websites.

One of the ssimplest usages for aword corpusis for understanding the typical frequency of
words. In Figure 4.13, we report the results of a search of COCA, for the frequency of the
word —burgerll and —kingll in contemporary American English. The results are given for the
number of instances of the word per million words of text. We see that on the whole —kingll is




more common than —burgerll in the corpus. We note that the usage patterns have been
different over time. Obviously, we would have to do more work to understand why the
frequency might have changed.
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FIGURE 4.13 Frequency of the words —burgerll and —king.ll

Source: Based on data from Corpus of Contemporary American English.

4.6.9. Speech in NLP

Tasks involving speech are also part of NLP. For example, automatic speech recognition can
also be considered as a part of NLP. Petkar (2016) discusses the many challenges associated
with speech recognition. First, there is a difference between spoken language and written
language. In some languages such as Arabic this can be very pronounced. There are large
differences between the spoken dialects of Arabic and written text, which isin the form of
Modern Standard Arabic. There are differences in pronunciation, vocabulary, and also
grammar. However, even in English, spoken language tends to be less formal and generally
less descriptive. The paper aso notes the difficulties associated with continuous speech. Just
as word segmentation needs to be performed on written text, for audio, speech segmentation
is used to identify individual words, which can be challenging given that there aren't always
clear pauses in human speech between words. There is also significant variability in speakers
in terms of accent, gender, and speed of speech.

Speech recognition can often form the first step of solving an NLP problem, where our text is
not in awritten form. One example would be Siri, the Apple voice assistant on the iPhone,



which takes the user's speech as an input. Thisis converted into written text, which is parsed
for understanding using some of the techniques outlined earlier, into a structured form, so
that we can understand things like the context. An answer is then generated based upon this
structured input. The next step is natural language generation to create a human readable
reply. Finally, text-to-speech synthesisis applied to this text to read aloud the output to the
Siri user.

However, there are now new techniques that promise to apply advanced NLP techniques like
tranglation from speech in one language into another, without intermediate conversion into
written text and then application of text-to-speech synthesis. Jia and Weiss (2019) describe
Trand atotron, which uses a single sequence-to-sequence model for direct speech translation.
The approach can even retain the style of speech from the original speaker, but in the foreign
language, which would likely be more challenging to do using a traditional approach that
requires a separate text-to-speech synthesis.

More broadly, we could argue that speech might have additional information that would be
lost when converting into text. Speech has many different characteristics such as pitch, speed,
and pronunciation that are not obvious from text. Asavery simple example, it isfar easier to
determine the gender of the speaker from their speech than it isfrom reading their text.
Features extracted from speech can be used to develop indicators for deception in speech and
combined with text-based features. Hirschberg (2018) devel ops a machine learning based
approach for judging deception in speech, which outperforms humans.

From an investor viewpoint, many of these techniques are also relevant. Speech recognition
could be used on events such as earnings conference calls and the question-and-answer
sessions of central bank press conferences. Understanding deception in such situations would
be extremely beneficial for investors, too! Text-to-speech could be used to provide automated
alertsfor traders, triggered by specific events like large price moves or economic events.

4.6.10. NLP Tools

What type of tools can we use to first get access to raw data from the web and then to
structure it or to do tasks like automatic speech recognition? It is possible to develop libraries
to do various NL P tasks such as generate word embeddings, word segmentation, sentiment
analysis, and so on. However, it requires significant time and expertise to write these tools
and then to train them.

In practice, there are many libraries and resources that can help us with different parts of the
process that we can use as a starting point for our analysis of text. In many instances, these
libraries also include models that have been pretrained on large corpora of text. Following is
alist of some of the open-source Python tools available for the initial stage of gathering text
data from the web and cleaning:

e Scrapy: Scrapy isafull framework for web crawling and web scraping. We can giveit a
URL and it will begin to crawl the various websites linked from that and help you save
and download all that content.



Beautiful Soup: Beautiful Soup focuses on parsing HTML datathat has already been
downloaded. Webpages have alarge amount of formatting and script code, which are
irrelevant for understanding the content. Beautiful Soup enables us to extract certain
elements, remove superfluous information such as HTML tags, and so on. We can use
Scrapy and Beautiful Soup together.

PDFMiner: PDFMiner can extract text from PDF documents.

tablula-py: tabula-py is a Python-based wrapper for the Java, Tabulalibrary,
specifically for reading tables from PDF documents. Use cases in finance could be
reading from earning reports.

newspaper 3k: newspaper3k is a Python library for accessing articles from newspaper
websites. It can, for example, extract the body text of articles and associated metadata
such as the authors and publication date. It sits on top of some of the other libraries
discussed here, like Beautiful Soup and NLTK.

Next, we list some of the libraries that are useful for higher-level natural language processing
tasks, once we have gathered together and cleaned a text. We should also note that many of
the general-purpose machine learning libraries such as TensorFlow and scikit-learn can also
be used with text, although they are not specifically limited to dealing with text.

NLTK: NLTK isone of the oldest Python libraries to do NLP tasks. It includes many
trained models and word corporato get you started, including a corpus of Reuters
articles (from 1987). Bird, Klein and Loper (2009) guides users through using NLTK to
anumber of common NLP tasks ranging from processing raw text to text classification.

CoreNL P: Stanford CoreNL P is accessible in anumber of languages as well as Python.
Aswith NLTK it performs alarge number of NLP tasks, ranging from tokenization and
sentence splitting to named entity recognition and sentiment tagging.

Gensim: Gensim is atopic modeling library, which includes implementations of models
such as Latent Dirichlet Allocation and Latent Semantic Analysis.

spaCy: spaCy iswritten in Cython. It can do various NL P tasks such as tokenization,
named entity recognition, and part-of-speech tagging. It also integrates with a number of
Python machine learning libraries such as TensorF ow.

pattern: pattern is a general-purpose web mining module for crawling the web and
accessing sources like Twitter and Wikipedia viatheir APIs. It also contains a number of
features to do NL P tasks, such as sentiment analysis based around words typically used
in product reviews. It also includes functionality to perform simpler tasks such as part-
of-speech tagging.

TextBlob: TextBlob sits on top of NLTK and pattern. However, it provides an easier to
use interface to access these libraries.

BERT: BERT (Bidirectional Encoder Representations from Transformers) was
developed by ateam at Google; see Devlin, Chang, Lee and Toutanova (2018).



Essentially, it isamethod of pretraining language representations, which also
incorporates context. It uses unsupervised learning, and as aresult it can be trained on
vast amounts of plain text. Google has a model that has been pretrained on text from
Wikipedia and BookCorpus. The pretrained model can then be used for a number of
NL P tasks such as question answering or tokenization. The software implementation of
BERT uses Google's TensorFlow machine learning library.

e SpeechRecognition: SpeechRecognition is a Python library that allows usersto do
speech recognition using a number of external online and offline services using a
common API.

While we have focused on open source Python tools, there are many commercial tools
available for doing NLP on text. Many of these are cloud based and can be used as pay-as-
you-go-style services, where you upload the text you would like to analyze, and then NLPis
performed on it.

e Google Cloud Natural Language: Google Cloud Natural Language can do a number
of NLP tasks, including named entity recognition, sentiment analysis, and syntax
analysis. While it has pretrained models, users can also train their own custom models.

It can be accessed using a REST API to upload text for analysis or it can also read text
stored on Google Cloud. It also supports the creation of own custom models, or it can be
used on own training data for content classification.

e Google Cloud Speech-to-Text: Google Cloud Speech-to-Text is a cloud-based service
that can convert audio to text using neural network models, which has a number of
different APIs. It supports 120 languages.

e Amazon Comprehend: Amazon Comprehend performs different NLP tasks on the
provided text, extracting properties such as entities, syntax, and sentiment. It also has a
specific version trained on medical vocabulary to extract data from medical notes or
similar texts.

4.7. SUMMARY

Machine learning encompasses a large number of individua techniques. At its coreit can be
split up into supervised learning, unsupervised learning, and reinforcement learning. When
fitting these models, we need to be aware of the variance-bias trade-off. What may appear to
work very well in-sample can end up performing poorly in-sample, because we have overfit
it.

In the chapter, we discussed a number of machine learning techniques ranging from relatively
simple examples such as linear regression, to logistic regression for classification, to more
complicated models such as deep neural networks. We also gave a short summary of some of
the machine learning libraries that can be used to fit these models.

L ater we discussed some of the limitations associated with machine learning, in particular
with reference to financial time series, which are nonstationary. We also discussed specific



use cases for structuring images, using techniques like CNNs and we also included an
introduction to natural language processing, where machine learning models tend to be used
these days, in preference to more traditional rule-based approaches.

In Chapter 13, we shall use a dataset of satellite imagery that has been structured using CNNs
to generate car counts for the car parks of European retailers. In addition, we had a detailed
look at natural language processing that can enable a computer to understand human
language. In Chapter 15, we shall have an extensive look at text data, and give several
investor use cases for it. For readers interested in machine learning in finance more broadly,
we refer the reader to Lopez de Prado (2018) and also Dixon et al. (2020).

NOTES
1 Seealso Hastie (2009), Chapter 7.

2 We define complexity as the number of parametersin amodel. The Vapnikl Chervonenkis
(VC) theory provides a broader measure of complexity, see Vapnik (2013).

oo

The contrary can be observed in specific situations.

I~

Our prediction for ¥ isusually denoted 7y .

lon

Typically, in binary output, we assign probabilities of more than ().5 to group ] and vice
versa. For multiclass outputs, we usually assign to the class with the highest probability.

o

Linear regression does not always assume alinear relationship between dependent and
independent variables; we could have amodel of y = fi, + f, sin(x) anditisstill

considered to be linear regression.

I~

It isthis prediction (read regression) of probabilities where logistic regression derivesits
name. We are merely extending it to a classification technique by deciding to assign a
class based on this regressed probability.

oo

Although, given that there are finite numbers of leaves on our trees, we cannot actually
produce continuous predictions, but rather point out interval predictions aong the real
line.

9 For an introduction on CNNSs, see Section 5.3.2.2

10 Some architectures, such as recurrent neural networks, allow nodes to feed back into
themselves, other nodes in the same layer, or nodes in previous layers.

11 See Schaffer (1994) and Wolpert (2002).

12 See https://www.eff.org/ai/metrics for up-to-date performance benchmarks on different
datasets. See Geirhos (2017) for different examples and comparisons of human vs
machine performance under image degradations like contrast reduction, additive noise, or




novel eidolon-distortions.
13 Long Short-Term Memory is an artificial recurrent neural network.
14 Bidirectional Encoder Representations from Transformers.

15 XL Net is a generalized autoregressive model for natural language understanding based on
Transformers-XL

16 Sometimes, causality is not required, such as when counting carsin images or extracting
sentiment from text. However, causality is necessary in macroeconomic forecasting, for
example.

17 Cats do not change over time, especially after we observe them!



CHAPTER 5
The Processes behind the Use of Alternative Data

5.1. INTRODUCTION

Asexplained in alot of detail in the previous chapters, there are severa potential pitfallsin
the implementation of an alternative data strategy. In this chapter, we will discuss how to
organize these implementation effortsin order to deliver a successful strategy. We must
emphasize that the key to this success is to have the right processes, systems, and peoplein
place. There are, of course, external constraints, such as the availability of talent in the
marketplace, or internal ones, like budgeting and legacy systems. These will also determine
how successful one can be in implementing an alternative data strategy.

We must also note that once a given strategy is deployed in production, that does not mark an
end of the work. In fact, the signals generated from alternative data may begin to degrade.
This means that the accuracy and performance achieved in model development and as
measured through backtesting declines in time. Reasons for this can range from non-
stationarity through technical implementation problems. While we cannot solve the problem
of non-stationarity except under very special circumstances, we can address most other
performance degradation issues by establishing and acting upon a suitable monitoring
process. We will discuss this matter further.

We will divide the process of developing an alternative data process into a number of steps as
follows:

e Set up the vision and strategy.

e |dentify the relevant data asset(s) according to the investment strategy, mandate, and
constraints.

e Perform due diligence on the vendors of those data assets.
e Pre-assessrisks (e.g. technological, legal, cyber, etc.).

e Pre-assessthe existence of signal(s)| run a proof-of-concept (POC) on a sample of
data. If the outcome of the last step is positive, then one can proceed to the next steps.

¢ Perform data onboarding.

e Perform data preprocessing (if needed).

e Perform signal extraction (modeling).

e Implement the process (or deploy in production).

The sequence of steps may vary depending on the degree to which data has already been
preprocessed.



5.2. STEPS IN THE ALTERNATIVE DATA JOURNEY

5.2.1. Step 1. Set up a Vision and Strategy

Thefirst question an investor/risk manager can ask is: shall we begin to venture along the
alternative datajourney? Thisis a strategic question that involves the highest-level decision
makers within an organization such as the chief investment officer (ClO), the chief risk
officer (CRO), or the chief executive officer (CEO). The answer liesin their convictions that
this kind of data has apha after discounting for its price and the complexities behind its
incorporation in the existing processes. It is acomplex question to answer based on
impressions and not on substantial quantitative analysis. As we remarked previoudly, the
press has conveyed mixed messages and stories of success or the lack of it. Hopefully this
book will provide more clarity in that direction.

Reading whitepapers by vendorsis a good first step to be aware about the existence of
signalsin data and have arough idea about the strength of the signal. However, running a
small proof-of-concept (POC) along the lines of what we describe in the following could be a
more convincing step for the decision makers in an organization. POCs are not costly to run
because they neither require a complex infrastructure nor do they involve the complexities of
alive implementation. The advantage of a POC is that decision makers can have amore
tangible proof on their portfolio of whether or not a dataset is valuable.

Once the decision is made to attempt going along the alternative data path, a strategy must be
put in place. In general, the strategy will depend on the type of investor. For example, one
strategic choice could be whether to opt for raw data acquisition or for derived signals (see
Section 5.4 on data vendors who provide this service). Quantitatively sophisticated investors
(e.g. hedge funds) typically build their own analytics and hence prefer purchasing raw or

lightly processed data.? For this purpose, they require access to good-quality raw data and the
deployment of cutting-edge technology and algorithms. Co-location of analytics and data
could also speed up the research and deployment of signals.

More traditional but still quant-minded investors (e.g. large sell-side banks or big funds) are
interested in derived analytics and more intuitive solutions. Smaller shops are less willing to
employ technology, data science, and programming capabilities. They would opt for low-cost
maintenance/build analytics platforms and sourcing on-demand of data science talent.
Finally, there are small fintechs whose purpose is not to invest but to buy data and resell it in
the form of atrading signal (e.g. CargoMetrics).

Hence, according to the type and size of the investor (or fintech), a strategy consists of
defining aroadmap of data science capabilities and technology. In what follows, we will
describe the full journey from raw datato signals. As we have just explained, an investor
does not have to embark on all these steps as they might prefer the acquisition of curated
signals. In other words, most of the steps that we will describe can be performed on the side

of the data vendor.2
We note that regulatory, risk and reputational considerations should be monitored throughout



the process we will describe to minimize the risk of investing in signal products that do not
meet the buyer/vendor firm's relevant appetites.

5.2.2. Step 2. Identify the Appropriate Datasets

Once a strategic decision has been taken, the next step when starting an alternative data
journey is to understand which data assets to pick up and test for asignal from avirtually
infinite universe. Essentially, we are seeking to prune our search space. Most of the datasets
will have potentially limited value, but thisis not known upfront. Thisis adifficult task but
new professions with the right skillset to perform it are starting to appear. In particular these
new roles include those of data scouts or data strategists (we use the terms interchangeably).
The role of the data scout is crucial for an organization wanting to have an edge. In fact, alot
of experience and common sense is needed to assess whether a data asset is worth purchasing
and to make a decision how to test it. To make ajudgment call with only a minimal amount
of testing is difficult. However, it is necessary, given that it istoo costly to do a thorough test
for every single dataset on the market. There is obviously aso alimited budget for
purchasing datasets or samples of them. In this mission, the data scouts must be assisted by
SMEs (subject matter experts) who deeply understand the markets and the investment
portfolios and the risks of their institutions.

Organizations that have not established such highly specific roles can till rely on the
experience of the chief data officer and their data scientists. There are also consulting firms
such as Neudata, which can help outsource part of the data scout function to keep track of
new alternative datasets. Neudata is compensated by data users, as opposed to data sellers.
Thisis somewhat different to data markets discussed in Section 2.3, where typically the data
marketplace owner is compensated in some form by the data seller. The emergence of
outsourced data scouting services and data marketplaces is likely to help smplify the task of
finding alternative datasets.

Depending on the stage of processing, the data scout/chief data officer has to approach the
selection of a data asset differently (see Section 5.4). It isimportant to say that the bias on the
vendor's side isto avoid advertising any omissions in the data. Hence, there are some checks
to be performed upfront by the buyer in order to make sure that there aren't any gaps that
could appear at alater stage or omissions that could become critical. This should be the case,
even if the provider claimsto be selling signals that are already —€lean.ll

We described in Section 1.8 some dimensions on which a data asset can be projected. It is
important to note that the asset classes required, the investment mandate and constraints that
an asset manager has can help with preselecting a dataset. For example, is the asset manager
investing only in fixed income instruments issued by governments and public entities? In that
case, foot traffic data for only very specific shopping malls might be less useful at first
glance. PMI indicators can be much more appropriate for this specific purpose. In this sense,
a good approach to data asset selection can be both bottom-up and top-down. It can be
bottom-up because one could start from the portfolio constituents and work out which data
assets in the market could contain signals for the asset classes under management. It can also



be top-down because one could start from a specific data asset (maybe a new entrant in the
market) and cascade down on which asset classes it could have useful information about.

Coverage, breadth, and depth are also important considerations here. For example,
sometimes it is better to try to increase coverage rather than focus on improving modeling
techniques, such as adding extra complexity (which could even lead to overfitting). Whether
thisis possible must be considered at this stage.

5.2.3. Step 3. Perform Due Diligence on Vendors

Aswe mentioned previously and will again examine in detail in Section 5.4, thereisa
diverse spectrum of alternative data providers. Some of them can be big organizations with a
long track record and history while others can be relatively new, small, and niche providers.
Third-party due diligence is then needed to avoid risk of disappearance of these companies
after subscribing to their datafeeds. The risk of ceasing activity is, of course, an extreme
Issue but it is not the only one we have to be concerned about with respect to third parties. In
general, organizations that create, gather, and/or distribute alternative data could often
operate with immature risk and control frameworks. This means that the data they sell could
be prone to errors and hence not truthful, or potentially obtained through processes that are
not legally cleared. Hence, working with such vendors can be also a source of reputational
and legal risk.

For example, third-party checks are performed by data aggregators for alternative datasets
that they distribute to their clients. These are onboarded after a careful due diligence of their
providers. If such adue diligence serviceis not available for a dataset we want to purchase,
we have to make such checks ourselves, maybe through the help of external consultants. In
any case, al these assessments should be performed before purchasing a dataset.

5.2.4. Step 4. Pre-assess Risks

There are many risks associated with alternative data, as we already discussed in Section 3.2.
We discussed third-party due diligence in the previous section. Therisksin this section are
risks that are not associated with athird party. Some of this non-third-party risk assessment
can be done at an early stage (i.e. before even purchasing a data asset by working with a
sample of it or through metadata only). We must make sure that we do not expose ourselves
to accuracy/validity risk of the data, privacy risk, and material non-public information
(MNPI) risks.

From the metadata and the contractual agreement proposed by the vendor, we can also
consider infrastructure risks connected to the frequency and the structure of the data. Can our
infrastructure cope with the velocity of the data (e.g. millisecond ticks)? Isit also able to
ingest the required volumes of data? This problem is present in many forms of unstructured
data where volumes are typically bigger.

5.2.5. Step 5. Pre-assess the Existence of Signals



This step is a quick-and-dirty one to make sure that it is worth investigating the data asset
further. Aswe explained, onboarding of data and processing it in a production environment
might be costly so this step will help usto avoid committing time and resources that could
lead to something that ultimately is of little use. Some data vendors already sell signals or
evidence of asignal in the form of whitepapers (see Section 5.4 on data vendors) as we
mentioned in Section 5.2.1. This could greatly facilitate the work of signal discovery if the
asset manager wants to go their own route of working out asignal from the raw data. If they
want to acquire afinal signal, then this step can be skipped.

Getting a sample of the data and its metadata will be enough to assess (1) the quality of the
data (e.g. missing values, anomalies), (2) what modeling techniques could be relevant and
whether the data science team has expertise in them, and (3) possibly run some very smple
transformations and models. Due to the requirement to identify signals quickly, coarser
analyses techniques are typical (e.g. binned p2 analysesfor potential signal factors). Note
that, with respect to the last point, the lack of a signal when attempting a very simple model
Is not sufficient to discard the dataset. A more sophisticated set of nonlinear models can be
also attempted provided there is a solid justification to suspect nonlinearities in the data.
Open source libraries make this last step straightforward even in the case of complex deep
learning models. We also note that datasets in isolation may not yield asignal, but joining
them with anumber of other datasets could result in finding more usable signals.

Again, all this could happen without onboarding the data and setting up regular datafeeds. A
sample of afew thousand observations may be enough in many cases. It could be enough to
create a very simple proof of concept to assess whether the data asset contains any alpha after
subtracting costs.

At this stageit is also important to think about model risks and trade-offs. Does the model
need to be interpretable by portfolio managers? If not, a deep learning model can, in
principle, provide a better fit. But, isit overfitting? To check this, appropriate out-of-sample
tests must be considered. Does it need to deliver results on a mobile device and also in real
time? Hence, asimpler model that can deliver results even in the case of slow connectivity
must be devised, typically by sacrificing some accuracy.

The list of datasets to explore should be prioritized according to the expected value likely to
be added and also the business demands. Questions from the business can, for example, help
us to focus on datasets relevant to particular asset classes, geographies, and so on. The
experience of adata strategist could also prove useful in thisregard.

5.2.6. Step 6. Data Onboarding

Even if the previous steps did not touch upon an implementation in production, there were
still some overheads to be considered (e.g. infrastructure setup and legal arrangements with
the data vendor). Once they have been dealt with and the presence of a stable signal has been
proved, it istime to consider afair price for which the dataset can be purchased. We
discussed the delicate issue of pricing in Sections 2.4 2.6. If apriceis agreed, the next step is
to onboard the datain the local infrastructure.



Data sources often come with their own schema (or sometimes with no schemaat al, which
can make interpretation more challenging). This can affect how we work with the dataset.
Any datawe receive from an external (or indeed internal source) needs to be stored in a
database. The nature of how we store the dataset will be dependent on its schema. For
example, relatively well-structured high-frequency tick data could be stored in columnar
databases like KDB. By contrast, other lower-frequency structured datasets might be better
suited to SQL databases. A lot of alternative data, especialy in itsraw form, tendsto be
relatively unstructured; hence, it might make sense to storeit in adata lake.

5.2.7. Step 7. Data Preprocessing

Itislikely that a dataset requires some element of preprocessing when implementing in
production. One common part of thisisin tagging assetsin a structured dataset. A data
source describing firm-specific data might be tagged with Bloomberg tickers but without any
other ticker identifiers. However, afund might use ISIN codesinternally as their common
ticker mapping. Hence, the Bloomberg tickers would all need to be mapped to ISINs. Thisis
donein order to facilitate joining it with other datasets. We would need to join market data
for backtesting of trading strategies or indeed other aternative datasets to generate composite
signals. For raw datasets, we would likely need to do entity matching from scratch. See
Section 3.3.1 for amore detailed discussion on entity matching.

If datasets have time stamps with different time zones, it results in misaligned points when
joining these datasets. All sorts of problems can ensue, such as using future data. It is
possible to keep time stamps in their original time zone in each dataset (and keep track of
that). However, it is much easier to convert them to a common time zone, such as UTC,
during an earlier preprocessing stage.

In some instances, the time zone data might be missing, hence we would need to infer it.
Typically, one way to infer it is by joining with another dataset, which islikely to have
correlated points. For high-frequency data, we might be able to infer it by joining it with an
indicator for major economic data releases. Typicaly, for important events, like the US
employment report, FOMC, and so on, we would observe jumpsin assets like FX, rates and
equity futures. Hence, we can infer the time zone of our market data by observing where
these jumps are in the month. Other important fields could also be missing, not purely the
time stamp, that need to be inferred.

There might be other sorts of discrepancies in time stamps. For very high-frequency data, the
time stamp between different sources might be slightly offset, which can prove problematic
when aligning them.

There might also be the case where we need to fill in missing pointsin our dataset. The
simplest way isto interpolate. In Chapter 7, we discuss more sophisticated ways of filling
missing data points, which can help to preserve the properties of the dataset better (such as
mean and variance). We give a specific example for CDS data, in Chapter 8, where data
might be missing in certain tenors. If adataset has very little structure, we may need to do a
significant amount of preprocessing in order to make it usable for signal generation later.



Thisisespecialy likely to be the case if our dataset consists of data types such as text or
images.

In general, data quality isfraught with challenges such as:

o Clarity. Isthere sufficient data definition clarity to support decision making with the
data?

¢ Uniqueness. Isthere a single source of truth, both globally and within a given dataset?

e Internal consistency. Isthe datainternally structurally sound, with datatype requirements
obeyed throughout dimensions?

e External consistency. Isthe data externally structurally sound, with no impossible
combinations of data attributes?

o Timeliness. Isthe data available at the required time for a given application?
e Completeness. I's data missing irrespective of time?
e Validity. Isthe data an accurate reflection of the real-world event(s) it describes?

o Veracity. Isthe data credible, and what confidence level can be attributed to the data,
given its context (including any transformations it has undergone)?

Throughout data's usage lifecycle, machine learning techniques can enhance quality by both
automating existing tasks and extending monitoring to previously resistant quality
dimensions. We will show some examplesin Chapters 7, 8, and 9.

5.2.8. Step 8. Signal Extraction

Once the dataset has been fully preprocessed after our initial testing suggested a dataset had
some promise, the next step is to construct the signals. For trading thisislikely to entail a
number of steps, such as the construction of strategies or indices. In some cases, the objective
might be smple buy or sell signals, for example, for a quantitative hedge fund. Often thisis
done by combining the signal with those derived from other datasets. These signals are then
fed into a portfolio optimizer to weight them. For discretionary traders, it may well smply be
aforecast that is used as an input into the trading process. For economists, the signal islikely
to bein the form of aforecast. For risk managers, asigna might involve the construction of
volatility forecasts or other similar risk metrics, or signal to exit a certain market/asset
class/asset. Whatever the purpose, we need to backtest any signal to see how it performed
with historical data, if available and sufficient, as discussed in Section 2.5.

The signal extraction process isiterative and involves the use of SMEs and business analysts.
Brainstorming sessions are a critical component of scaling the signals extraction process by
generating testable hypothesis for data science resources. Hence, expertise in data and market
trendsis required to encourage full exploitation, and monetization, of the purchased data
assets.

The end state of this step could be the lack of asignal or strong enough signal to justify



implementation (even if Step 5 pointed in the opposite direction!). Thiswill be judged by
some pre-established success criteria or metrics such as the alpha generated by the signal
averaged across a period of time minus the costs. If thisisthe case, a careful consideration
must be made asto why thisisthe case. Isit because of mistakes| and hence this step should
be repeated| or some other fundamental reason? The conclusion could be that there is
indeed no signal. The findings should be archived and the process terminated here. In case of
positive outcome of the signal extraction, the next step isto implement it in production.

5.2.9. Step 9. Implementation (or Deployment in Production)

So far, we have gone through a successful signal extraction stage and found a usable signal
that has been validated in our analysis. We have also onboarded the dataset and preprocessed
it. The final step isto create a production implementation of our model and to runitinalive
environment.

For aPOC, it isfine to receive data from a vendor in an ad-hoc way, such as viae-mail or
USB key. However, in order to use data for production, we need to be able to retrieve it in an
automated way. For high-frequency data, this will often require the writing of wrappers for
APIs provided by the data provider, to ingest high-frequency data on areal-time basis. The
time it will take to integrate such an APl into aframework will depend on the format in
which the datais provided to us. For lower-frequency data, such as daily or weekly data, we
might potentially be able to download flat files (e.g. in CSV, XML, or Parquet format) on a
batched basis, which islikely to be ssimpler to install.

From a production perspective, we need to make sure that our test infrastructure is also
replicated, from ingesting the data, to preprocessing, generating the signal, and so on. This
will require the rewriting of code, possibly even starting from scratch. For applications where
high performance is required, this can mean shifting from languages used in data science
such as Python and R, to languages like C++, Java, or Scala. It can also mean spending a
significant amount of time making sure that any cal culations are done on distributed
infrastructure to speed up processing, if this wasn't aready undertaken during the testing
phase. For firms that have not dealt with such datasets before, it islikely that they will need
to invest extra time and budget in developing such infrastructure.

At this stage, appropriate controls for risks must be put in place. For example, if one of the
data feeds to the model disappears, we must receive anotification. If the trading signal istoo
strong and suggests high-volume trades that exceed trading limits, a—kill switchll control
could be put in place.

5.2.10. Maintenance Process

Once a dataset is used as a production model, we need to monitor it. There are two types of
live monitoring that can be put in place to detect dataset shifts and act accordingly. The first
one follows the performance measures. This might be challenging in cases where there is not
an established ground truth. For example, if it is a predictive classification model (e.g. stock
going up or down), this could be aregularly generated confusion matrix. The second



monitors the discrepancies between the distributions of the independent variables in the
training dataset and the live data. We must stress that a model could also start producing poor
forecasts because of purely mundane problems, such as one of the input featuresis missing
due to afault in the data flows or maybe because the sensors and the processes were
reconfigured not to collect this information anymore, and the data vendor failed to inform us.
Controls must be put in place to detect any such anomaly. Hence, alternative data variability
which makes proactive quality monitoring and remediation much needed.

If deterioration in the model is detected, there are several actions that can be taken. First, we
need to understand what caused the problem. Isit a mundane problem like the one mentioned
above or is there evidence of a dataset shift? Second, we need to fix it. If the problemis
technological, the remedy should be also technological. If it is dueto achangein the
processes that capture the data, the fix may not be that straightforward. There can be many
reasons why this can occur. Data companies may shut down or they might ssmply stop
publishing datasets, if the source datais no longer available, or they may ssimply change the
format of the data. Thiswill result in missing variables in our model. Thereisareduction in
the quality of data we receive from a data vendor, because the panel of data has changed
significantly, which makesiit |ess representative.

For more commoditized datasets, we may be able to substitute these easily with similar
datasets. However, this might prove trickier for more unusual aternative datasets.
Furthermore, within alternative data space, even for datasets within the same category, such
as news, the way the dataset is generated and treated might differ significantly between
vendors. Hence, we can't smply swap datasets without additional work and changes to the
underlying model, like recalibration. If the missing variable has low marginal predictive
power, for example, perhaps we could ssimply ignore that feature and not expect thisto
impact returns significantly. Of course, thisis atemporary fix and a redevelopment of the
model without that feature becomes necessary. If the problem is caused by a dataset shift, we
must understand what type of shift that is. This can be challenging and al so time consuming.
It is not an exaggeration to say that detecting the reason for deterioration can take longer than
model development itself.

There might well be other reasons why a model has stopped working as expected that are not
related to data recording issues. It might be the case that the capacity of the trading strategy
has been exceeded as more and more traders are replicating it and we start seeing alpha decay
because of this. Furthermore, as mentioned in the introduction to this chapter, financial time
series are often not stationary, whether we are referring to price data or macroeconomic data.
Their properties can change over time. We can observe significant shiftsin behavior of the
market, such as when we observe changes in market regime. This change of regime may
render the strategy |oss making, as the market is no longer reacting to the factor we are
modeling. Let's say we have had a model that aggregated Greek |anguage news during the
Greek debt crisis. At the time thiswas amajor driver for EUR/USD. By contrast, once the
worst turbulence had passed for the Greek debt crisis, such a dataset was unlikely to be as
relevant for trading EUR/USD.



The maintenance process doesn't only encompass technical issues associated with the
models. There is also aneed to continually monitor any regulatory developments to make
sure existing processes are compliant. This can aso be useful, for example, in giving us prior
warning about the discontinuation of datasets due to regulatory changes. Lastly, we need to
make sure that we have sufficient manpower to run the maintenance process of our
alternative data model. We are likely to need data scientists, data engineers, technologists,
compliance officers, and others to help with such maintenance tasks.

5.3. STRUCTURING TEAMS TO USE ALTERNATIVE
DATA

When structuring ateam for dealing with alternative data, we note that in the long term, it is
not sufficient purely to hire data scientists in isolation and ask them —do something with the
data.ll Data can only be monetized in an investment firm if it is used to help make profitable
investment decisions. In many large firms, there has been effort to centralize alternative data
initiatives into central teams, which cover several different parts of the pipeline from
Identification and sourcing of data, to ingesting data, and then analyzing data.

Data scouts/strategists are an important part of any alternative data process, to help locate and
identify datasets externally and to act as a bridge with internal teams. Aswe noted in Section
5.2.2, adata scout requires very specific skills. It is not possible to evaluate every dataset in
existence given the constraints of time and cost. Hence thisinitial identification stage to
choose which datasets to evaluate more closely is key. As aresult, adata scout is an essential
figurein the team.

Data engineers need to be hired to deal with the challenges of ingesting large quantities of
data and storing them. The skillset for data engineers will be somewhat different than that for
data scientists, and will involve understanding how to distribute processes and how to create
data | akes.

Data scientists work to analyze the data. For fundamental firms, this might involve answering
specific questions from the portfolio managers. In a sense, we can think of data scientists as
generalists with skillsin severa different areas, including coding and statistics, as well as an
element of domain knowledge, so similar in skillset to traditional financial quants.

Centralization of the process of data purchasing is also likely to reduce costs of purchasing
datasets, rather than having individual teams negotiating separately, potentially for the same
datasets. When data purchasing is centralized, it can make it easier to keep track of which
datasets a firm can access. By creating a centralized pipeline for dealing with new datasets, it
can reduce the time and cost of the evaluation process.

It is aso incumbent on the business to leverage these resources. For example, in funds, if
portfolio managers do not see alternative data as part of their investment process, theniitis
unlikely that afirm will be able to extract much value from the whole exercise of developing
an alternative data pipeline. Data strategists and data scientists need guidance from the



business to understand what investment questions are the most important and what metrics
would be most useful for the business. Thiswill help to guide them in identification of which
datasets are most likely to be useful. Ultimately, communication between the various teamsis
critical to ensure the success of using alternative data within an investment firm. Otherwise,
the data scientists end up working in an isolated environment, unable to provide the business
with insights. Communication is important to ensure that data scientists have the right
resources for their job. If alack of communication and internal politics means that data
scientists are unable to even have access to data, it islikely they will leave.

The creation of centralized data science teams can often be done gradually, in particular in
firms that have a more discretionary focus. With these types of firms, often it isagood idea
to start with smaller alternative datasets, which are less resource intensive to investigate and
do not require massive team to support using it. Often resources might be reassigned
internally at the early stages. As the business side sees benefits from using such datasets, it
helpsto justify additional spending of time and resources to grow the data team and buy
additional datasets.

The —big bangll strategy of hiring avery large number of people externally to create a
centralized datateam all at once requires a substantial immediate upfront budget cost. If the
business does not see immediate benefits of such an approach, it might be difficult to justify
spending such large amounts of money. A strategy of obtaining small wins from using
alternative data and gradually expanding the team may be more appropriate and more easily
endorsed by the business.

We must say that creating a data science/engineering team capable of harnessing alternative
data signals can be both expensive and time consuming. A diverse talent pool, typically not
found within existing functions, is required to find, analyze, model, and productionize
alternative insights. Large firms can set this up at a cost that isfar below the benefits they
will draw from aternative data. By contrast, smaller firms could opt for signals created by
data vendors/fintechs and/or use platforms where the big infrastructure costs are avoided.
From this point of view, smaller firms must shop around to see which data vendor's offering
matches their requirements and demand.



Data Science Team (min)
Head of Data (1)

Data Scientist (1)

Data Scout (1)

Data Analysts (3)

Min spend between

1m USD-2m USD per year
depending on technology,
existing talent base and
objective

Annual Salaries

Role Entry Level Salary (USD k) Approx Bonus
Data Analyst 80 100 25%
Data Scientist 80 100 40%
Data Scout 70 90Q 15%
Data Engineer 80 110 30%
Head of Data 250 1000 100%

Source: Based on data from alternativedata.org.

FIGURE 5.1 Cost of setting up a data science team.

We report in closing the approximate average spend to set up a data science team in an
organization (see Figure 5.1). We note that the sums could vary between geographies and
a so the nature of the fund.

Aswe see, aspend of $1m $2m can be a big ask for small or medium-size investor. We turn
to discuss how the data vendor is responding to this and other challenges described in the
previous steps.

5.4. DATA VENDORS

At the time of writing, the data vendor market remains fragmented; there are several hundred
data vendors and thousands of datasets exist, and their number and variety continue to grow

every month. The press often brands data as the new oil2 (Economist, 2017), and the supply
chain that data moves bears a significant similarity to the oil industry (Passarella, 2019). We
can explore this analogy to better understand the data industry. There are many parts of the
—datall supply chain.

Initially, data resides in the —.ground,ll akin to crude oil; for example, this might be an actual
corporate firm where the exhaust data was generated. Raw data providers, selling data with
little to no preprocessing, popul ate the upstream portion of the supply chain. Here the burden
of analysisis on the buyers side, who must invest time and resources to make the data clean
and usable. Buyers are likely to be other data companies themselves, who can ingest this
dataset, or in some cases large quant hedge funds.

In the middle of the supply chain there are providers of processed data who clean and



aggregate data from different sources to make it usable for a specific purpose such as equity
markets signals, oil price movements, and so forth. An example dataset is the full
geographical coverage of ship movements through aggregation and integration of datafrom
different Automatic Identification System (AIS) systems.

Finally, at the end of the supply chain, there are providers of signals engineered specifically
for the investment community, usually covering one or afew asset classes. This refinement
processis similar to that performed by large chemical companies such as BASF in the oil
refinery process. These providers often offer whitepapers to prove the existence of signals
through specific case studies.

The data vendors' universe can aso be segmented according to their offering, that is, the level
of refinement of the data and the technological infrastructure used to deliver it. We can
summarize this more explicitly asfollows.

Most of the big data vendors provide Data-as-a-Service (DaaS)| minimally refined data
supplied directly to customers. State of the art provides: (1) connected data, via a single point
of access (SPV), and the ability to customize the data feed to a client's specific requirements,
and (2) cleansed data with appropriate imputation and normalized data concepts and entities.

We also see afew cases of Infrastructure-as-a-Service (1aaS)/Platform-as-a-Service (PaaS) |
flexible cloud infrastructure (and platforms) provisioned with ssmplified access to data. State
of the art provides: (1) simplified access to data while improving usage monitoring, (2) co-
located cloud infrastructure capable of supporting ultra-low-latency algorithmic decisions
(and reducing communication infrastructure costs), and (3) access to cloud-based
elastic/burst computing capabilities and a variety of price point storage solutions, presuming
the co-location occurs in a cloud environment with sufficient scale. Given the complexities
and costs, this option istypically reserved for the large data vendors such as Refinitiv.

We have not yet seen any data vendors fully capitalizing on the Analytics-as-a-Service
(AaaS) space| where analytics data platforms hosted in 1aaS/PaaS supply prebuilt

environments at scale. State of the art of this potential offering provides: (1) simplified
access to data processing, providing off-the-rack data platform solutions that can be readily
accessed, (2) app store engagement model that fosters agile fintech ecosystem, and (3)
utility-based pricing. A key consideration hereis the degree to which custom-built analytics
platforms represent a differentiator for the data consumer. In most cases these represent a cost
without any discernible market edge and hence the requirement is better solved through
engagement with industry utilities.

Finally, some data vendors (or small startups that acquire data from different vendors)

generate signals® that are sold to clients at a premium that target specific market segments
and use cases.

The delivery model of a data vendor and the degree of transformation of the data must be
driven by market research (and direct client outreach) and targeting appetite. We discussed in
Section 5.2.1 that there are different types of data buyers that we ranked according to the
level of sophistication. The question for the data vendor is what segments to target that will




inform the most appropriate delivery model and the required investments.

5.5. SUMMARY

In this chapter, we discussed the general process for firms wishing to start using aternative
data. Theinitial stages require alot of organizational work and investment to get the right
team hired. When it comes to selecting and evaluating datasets, as well as technical work to
understand the value of asignal, alarge amount of due diligence needs to be performed
before any datais even ingested. This due diligence involves understanding how the datais
produced. This also involves understanding the source of the raw data to assess whether it
poses any legal and other risks. If the dataset passes these initial checks, and provesto be
valuable in the backtesting (or another performance measurement) stage, it isthen possible to
move into production. However, the work does not stop there. It is also necessary to monitor
the production process carefully and maintain the high quality of the model.

NOTES

1 Theconviction isthat processing data (e.g. removing outliers) can throw away precious
information.

2 This, however, restricts the options because curated signals might not be offered by all
data vendors.

3 However, unlike oil, data is a nondepl etable and non-rivalrous asset. It isin principle
nonperishable, although its value can decay in time.

4 Generic analytics vendors (e.g. SAS, Cloudera, Pivotal) provide these capabilities.

5 For example, Research Signals of IHS Markit.



CHAPTER 6
Factor Investing

6.1. INTRODUCTION

Factor investing is a popular way to gain excess returns on top of market returnsin the long
run while offering avariety of different investment options. In general, afactor can be
thought of as any characteristic relating to a group of securities that isimportant in
explaining their returns. Alternative data sources can be used to devise or anticipate
Investment factors and hence, in principle, a strategy that can outperform other passive
investing schemes, as we will show in the next chapters. In this chapter we will summarize
the foundations of factor investing and point to how alternative data can be used to create or
enhance factors. Nevertheless, we must say that factor investing is not the only way to make
use of alternative data. Indeed, in Chapters 1 and 2, we noted that discretionary investors
could also incorporate alternative datain their framework. They could, for example, use one-
off surveys to confirm/disconfirm their belief about a position they hold.

6.1.1. The CAPM

Using Markowitz's work as their foundation, Treynor (1962), Sharpe (1964), Lintner (1965),
and Mossin (1966) all independently developed what is now referred to as the Capital Asset
Pricing Model (CAPM).

On top of Markowitz's assumptions, the CAPM further assumes that (1) there exists a risk-
freerate at which all investors may lend or borrow an infinite amount, and (2) all investors
possess homogeneous views on the expected return and volatility of all assets. Under CAPM,
all asset returns are explained by the market return plus some random noise specific to each
asset and unrelated to any other common factor, in other words the idiosyncratic risk. In
terms of expectations thisis expressed as:

.EIJ"{] = 'J_'JI" T ﬁ;},mE[rm - 'F..f'] (6.1)

where '; isthereturn of theasset § , ' isthereturn of the market, /s therisk-freerate,
and ﬁﬁ,_m = ,Gf,_mfff}f T, , With Ppm the correlation between the portfolio and the market,

and 9, and 7, the standard deviations of the portfolio and market returns respectively.
Hence the CAPM is a one-factor model where the only factor is the market.

It isimportant to note that the CAPM can be derived more fundamentally from a two-period
equilibrium model? based on investor optimization, consumption, and market clearing, so its
simple form in Equation 6.1 could be misleading as to the depth of the economic theory
behind it. Still the assumptions behind it are very ssmplified and stylized. Nevertheless, it has




gained wide popularity and has worked pretty well for along time.

However, alarge amount of empirical evidence has been accumulated showing that it does
not describe other sources of return beyond the movements of the market portfolio (Fama and
French, 2004). Because of this, many researchers have proposed alternative multifactor
models. We discuss some of them here, but before doing so, we will introduce more formally
the notion of afactor model. One thing to note in this discussion is that, of course, what we
define as the beta, or market factor, is not a—kardll fact, but more a proxy of what atypical
market investor's returns would look like. In some assets, a proxy to the market is relatively
easy to define; for example, in stocks we might choose S& P 500 while in bonds it might be
an index such as the Bloomberg Barclays Global Agg. For other asset classes, like FX, there

isn't awidely accepted notion of market index.3

6.2. FACTOR MODELS

Definition: (Factor Model) | Suppose we have aset of i observable random variables,
XpsXa, oo 3 X, We say that the X; follow afactor model if given another set of random

varigbles F;,with i € {1,2, ... ,n},j€ {1,2, ... k},and k < n, we have that:

k k 6.2
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wherethe f;; = cov(x;, F;)/Zp , E[e;] =0 Vi , F and & areindependent, that is,
cov(F;,€;) = 0 Vi,j, and thematrix £, isnon-singular. The X; are most often

associated with asset returns but can be prices or payoffs. Sometimesit is also assumed that
cov(€;, ;) = O Vi,j,i #J and, if thisisthe case, one saysthat the X; follow astrict

factor model .2

There are three main types of factors: macroeconomic, statistical, and fundamental (see
Connor et a., 2010). Macroeconomic factors can, for example, be surprisesin GDP, surprises
in inflation, and so on. Statistical factors, on the other hand, are identified through data
mining techniques on time series of asset returns. They could be devoid of any economic
meaning. Finally, fundamental factors capture stock characteristics, such as industry
membership, country membership, valuation ratios, and technical indicators. Some of these
factors have become so commonplace that they can often be referred to as beta factors and
are the basis of many so-called —smart betall investing approaches; some particular examples
of this can be momentum-based approaches, and indeed we shall discuss such a momentum
factor later in this chapter.

Connor (1995) compares the fit of the three types of factor models| macroeconomic,
statistical, and fundamental | on the same universe of assets (US equities). He finds that the
macroeconomic model performs poorly compared to the other two. This seems intuitive,
given that macroeconomic factors are more likely to be suited to macro-based assets, such as



equity indices or FX, rather than for trying to explain the behavior of single stocks. While
macroeconomic factors do impact stocks as awhole, they are unlikely to be able to explain
the idiosyncratic behavior of specific stocks. The fundamental model outperforms the
statistical, which at first sight might appear surprising as statistical models are designed to
maximize the fit. Connor attributes this to the larger number of factors used in the
fundamental model. In fact, the statistical model is focused on the returns dataset only while
the fundamental one incorporates extra factors, such asindustry identifiers.

According to the type of model and the way we choose to calibrate it, the number of
parameters we have to estimate differs, and sometimes having a parsimonious model! is
highly desirable. Suppose we have time series of length 7" . Then we will have the following

sets of parameters to estimate for each type of model® (suppose a strict factor model):

1. Statistical: We haveto estimate ff, X, X, , F © (time series/cross-sectional
regression), which translates into:

| 6.3
nk + KT+ Shk+ 1)+ (63)
parameters, using the n 7" panel dataset of returns.
2. Macroeconomic: We haveto estimate fi, X, X, (time seriesregression), which
trandates into:
(6.4)

]
nk + ;-;ﬁ:(k+ 1) +n
parameters, using the nT" panel dataset of returnsand k7" set of macroeconomic factor
innovations.

3. Fundamental: We have to estimate X -, X_, F* (cross-sectiona regression), which
trandates into:

kT+%M&+U+n (65)

parameters, using the n T panel dataset of returnsand nk set of asset characteristics.

For large nn the fundamental model has fewer parameters than the other two. However, it
uses the most dataasthe ik dimensional cross-section of fundamental characteristicsis
usually larger than the k7 dimensional dataset of macroeconomic factors. This means that
the fundamental model has more information per parameter in case of large n . Compare all
three cases to a situation where one has to estimate directly the covariance matrix of the asset
returns (i.e. no factor model involved). This means estimating ;2 parameters, which for
large n isanumber significantly higher that those of the strict factor models we have
discussed.



Connor (1995) also experiments with hybrid models, for example, macroeconomic and
fundamental. The results show that both statistical and fundamental factors can enrich the
macroeconomic model. The oppositeisnot truein hisfindings| macroeconomic factors add
little to the explanatory power of the statistical and fundamental factors. Miller (2006) shows
on a dataset consisting of Japanese equities that at weekly and monthly frequency
fundamental models outperform statistical ones. However, he shows that, at daily frequency,
ahybrid model of the two can show better performance.

6.2.1. The Arbitrage Pricing Theory

Stephen Ross (1972, 1973, 2013) proposed a purely statistical model to explain asset returns
based on the multi-factor formulation of Equation 6.2 without the economic structure behind
the CAPM. Using the law of one pricein Equation 6.2 and neglecting the error term leads

(given it has amean of zero) to:?

k 6.6
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withcov(e;, €;) = 0 Vi, j , that is, the APT imposes a strict factor model on the returns. It
isworth noting that, unlike CAPM, APT tells us nothing about what these factors should be
or about the sign of each factor's excess return £ [F o r}-] 8 The number and nature of these

factors could potentially vary over time and across markets. As a direct influence of the APT,
many new multi-factor models were proposed after its publication. We will now examine the
most famous of them| the Fama-French model.

6.2.2. The Fama-French 3-Factor Model

Fama and French (Fama and French, 1992) developed a widely accepted model and the most
successful one so far. We can say that it belongs to the class of hybrid models based on both
macroeconomic (the market) and fundamental factors.

Fama and French showed that the CAPM fails to adequately explain asset returns cross-
sectionally for portfolios consisting of small/large stocks, and of portfolios consisting of

high/low book-to-market? ratio stocks. It tends to underestimate returns for small or high-

value stocks and overestimate them for big or low-value stocks.1® Fama and French used
portfolios based on these ratios and time series regression analysis to show the significance
of these factors. More specifically they proposed the following model to explain the returns
of the portfolios over the risk-free rate:

Fie = Tre = Qi+ B i — 1r.0) + Bsypi * Tsmpy + P * Ty, + €5y (6.7)

where '; isthereturn of portfolio § , s therisk freerate, 7;; the market return (calculated
as the return on the market cap weighted portfolio of all stocks), "sys the returns of small



stocks over big stocks, " returns of high-value stocks over low-value stocks, and &
stochastic error term. The "syrp and Fyg. are constructed as follows. The stocks universe
Is partitioned by book-to-market ratio into 3 groups and by market-cap into 2 groups. Then
the following further partitions are created as a Cartesian product; that is,

{high, medium, low} x {big, small} = {high — big, ... ,low — small}. Then

the following quantities are cal cul ated:

] (6.8)
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inwhich "syp and Fgpgg. are calculated monthly.

Throughout Fama and French (1992), Fama and French (1993), and Fama and French (1995)
it is shown that the Fama-French 3-factor model explains cross-sectional asset returns better
than CAPM. In fact, their 3-factor model yields adjusted p2 above 0.9 for 21 out of 25
examined portfolios. In contrast, by using only CAPM, just 2 out of 25 cases yield such good
results (Fama and French, 1993, pp. 19 25).

Hence, rather than taking an equilibrium-based approach as the one on which the CAPM is
founded, Fama and French based their model on purely empirical findingsin the spirit of
APT. A lot of explanations have been attempted ever since to understand why these factors fit
empirical data so well. Are they proxy for some macroeconomic variables? Although in this
way they would be easier to motivate, attempts to explain in thisway the M, and SMB
factors have not been extremely successful. However, research went also in the direction of
complementing the HAM[, and SMB factorswith other factors with which their correlation
Islow. Momentum is such a factor, and this motivated the Carhart model, which we now
describe.

6.2.3. The Carhart Model

Thereisempirical evidence that along portfolio of long-term bad performers and short
previous long-term high performers does better than the opposite (see Fama and French,
1996). The performance is calculated over along period| that is, intheinterval (=5, —1)
years before the rebalancing date. This may sound intuitive because stocks that have done too
well in the past might be overpriced and vice versa. Fama and French, however, manage to
explain the outcome of this strategy in terms of their A, factor (i.e. bad performers have

higher Brnri)-

However, if performance is calculated over the last 12 months| that is, not in the interval



(=5, —1) years| the pictureisthe opposite: good performers tend to continue to perform
well and vice versa. This behavior cannot be explained by the Fama-French factors. Thisled
Carhart (see Carhart, 1997) to propose a 4-factor model, which, in addition to the Fama-
French factors, includes a momentum factor:

Fio = Ty = @+ B ity — 1p) + Bsypi * Tsypye + Pumri * Tume,  (6.10)

+ Bump.i * Tumpy + €

inwhich "pyp,s is constructed as the equal-weighted average of stocks with the highest
30% 11-month returns lagged one month minus the equal-weighted average of stocks with
the lowest 30% eleven-month returns lagged one month. Carhart proves the significance of
this regression on a dataset of funds returns. However, he also shows that after accounting for
transaction costs, such a strategy is not necessarily winning. The Fama-French and Carhart
models are not the only ones (although the most famous and tested!) that we can usein
practice. Thereis no fundamental reason to believe, though, that the factors they propose are
the only viable ones, neither to strictly adopt the sorting approach it is based upon. A more
data-mining-based approach, which we will now discuss, is also perfectly justifiable.

6.2.4. Other Approaches (Data Mining)

Investors have long been in search of factors that indicate high or low average returns,
seeking to construct portfolios based on those. These factors should not necessarily be
constructed from the financial statements alone. Indeed, the case for using alternative data is

that we can gain something on the top of accounting variables.

We must note that there are some caveats to a pure data mining approach though. As pointed
out by Yan and Zheng (2017), an important debate in the literature is whether the data-mined
abnormal returns that can be generated by a strategy are compensation for systematic risk.
One example of thisis the carry-based factor model, which typically involves sorting assets
by their carry (e.g. dividends in stocks). Long positions are taken in higher carry assets,
funded by short positionsin low carry assets. Typically, those assets with higher levels of
carry are a'so more prone to large drawdowns. Hence, the strategy effectively harvests arisk
premium, which is subject to periodic episodes of stress during market turbulence.

While data mining can uncover evidence of market inefficiencies, it is also prone to detecting
patterns that are completely spurious and unstable through time. In other words, are we
simply fitting to statistical noise? For example, in the case many variables are considered,
then by pure chance this could lead to abnormal returns even if these variables do not
genuinely have any predictive ability for future stock returns. An important test to performin
this case is whether the uncovered signals are due to sampling variation. Other desirable
properties of the factorsto be looked for are, for example, persistence over time, large
enough variability in returns relative to individual stock volatility, and application to a broad
enough subset of stocks within the defined universe (Miller, 2006).



Yan (2017), having first shown in their research that the fundamental -based anomalies they
discover are not due to random chance, investigate whether they are consistent with
mispricing or risk-based explanations. They conduct three tests for this purpose. We refer the
reader to Yan (2017) for details around these tests but what is important to note is that their
results indicate that alarge number of fundamental factors exhibit genuine predictive ability
for future stock returns. That evidence suggests that fundamental-based anomalies are more
consistent with mispricing-based explanations.

While some of their factors have been explored in previous studies by other authors, many of
the top fundamental signalsidentified in the Yan (2017) study were new at the time of
publication and had received little attention in the prior literature. For example, they find that
anomaly variables constructed based on, for example, interest expense, tax loss carry-
forward, and selling, general, and administrative expense are highly correlated with future
stock returns. They argue that it is reasonable to assume that these variables may predict
future stock returns because they contain value-relevant information about future firm
performance and the market fails to incorporate this information into stock pricesin atimely
manner. They conclude that limited attention is a more plausible reason of why investors fail
to fully appreciate the information content of the fundamental variables documented in their
study. We will leverage the approach and the findings of Yan (2017) later in Chapter 10.

An important test that we could perform is how the newly discovered factors correlate with
the Fama-French factors. Thiswill show us whether the former are a proxy for the latter and
hence redundant, or whether they indeed contain some additional signals. In the same spirit,
Fama and French (1996) analyzed strategies based on factors different from the M, and
SMB and found that the strategies are mostly explained by their factors, and not purely by
the market beta. Indeed, akey point of using alternative datais the hypothesis that by using
an unusual dataset we are less likely to find asignal that correlates with existing factors.

6.3. THE DIFFERENCE BETWEEN CROSS-SECTIONAL
AND TIME SERIES TRADING APPROACHES

Throughout this chapter, the trading rules we have discussed include ranking assets based
upon a specific factor. We then take positions in these assets depending on their ranking. In
other words, we are constructing cross-sectional trading rules. Hence our position in one
asset isimpacted by the position in another one. While cross-sectional rules are popular in
equities, they can also be found in other asset classes when afactor-driven approach to
trading is used, based, for example, on carry, which can be applied to many asset classes
including FX. Sometimes these can be used to create market-neutral portfolios or
aternatively to adjust the weightings on along-only portfolio.

This contrasts to purely time-series-driven trading rules, such as those adopted by many
managed futures trend-following funds. Typically, they trade futures in various macro-based
assets, including sovereign bonds, FX, equity indices, and commodities, as opposed to single
stocks. They take long or short positions in a particular future, purely based upon the trend in



that asset, which is calculated based on the time series of a specific asset. This contraststo a
cross-sectiona approach, where we use some sort of ranking approach across many assets at
the sametime.

6.4. WHY FACTOR INVESTING?

At thispoint, it is natural for one to ask what is the empirical evidence of performance when
using factor-based strategies? There is some evidence that in good market conditions, indices
based on extrafactors do tend to outperform a simpler passive approach such as being long a
market-cap index. We do of course note that, while such approaches are typically referred to
as passive, in practice, such indices do have rebalancing rules associated with them, which
tend to favor the larger cap stocks over time. Hence, —passivell strategies might be more
active than investors believe.

In bad conditions, however, factor-based strategies can underperform the market (see Ang,
2014). Particular examples of this are those that harvest arisk premium, like carry, aswe
have noted. In general, however, markets seem to grow and have longer periods of strength
than of weakness. In the long run then, it would make sense that market returns occurring in
growth periods more than compensate for poor returns occurring during market declines and
beat the market index. In fact, thisis exactly what we have seen. Since 1973, there have been

multiple periods in which factor indices'? have underperformed the market. Overall,
however, $1 invested in the M SCI World index from 1973 to 2015 would have risen to $34,
whereas $1 invested in their value index would have risen to $49, or to $98 in their

momentum index22 (see Authers, 2015). In the long run, then, it seems that the benefits
outweigh the costs, at least given the current empirical evidence.

Given the historical evidence of outperformance of these factors over the market, a new type
of passive investing has appeared. Rather than investing in the whole market weighted by
market cap, investors decided to incorporate these findings by selecting subsets of the market
to invest in, based on these factors (factor investing) or using aternative weighting systems
to the market cap (smart beta investing). The benefits of these methods are similar to those of
passive investing:

e Largeinvestment capacity: Dueto investing in indices, the market cap of the chosen
investment universe is very large. It would, therefore, take an extreme amount of capital
to move the market in some way (i.e. not to be a price taker). Thisis very attractiveto
large funds (e.g. pension funds), because many smaller strategies do not scale well when
dealing with portfolio values in the high milliong/billions.

e Low costs: Asthese methods are quite ssmple and can be readily automated, little effort
is required to execute them. Thus, costs are low in terms of both factor selection and
execution. In the past many of these smart beta strategies were typically only available
to investors who allocated to hedge funds while these days variants of these factors are
available through lower-cost wrappers such as ETFs.



e Diversification: Asthese methods are based on index investing, we still experience,
given alarge enough universe to invest over, avery good level of diversification among
stocks.

Clarke et al. (2005) show that, with the addition of factor investment strategies, one can
expand the efficient frontier and push/rotate it northwest, thus offering higher returns for the
same level of risk.

6.5. SMART BETA INDICES USING ALTERNATIVE DATA
INPUTS

For many years, financial indices have been used to benchmark market performance and are
frequently tracked by institutional investors. The index market has evolved in the last few
years with the introduction of thematic and factor-based indices (smart beta), but they have
not evolved too much to leverage the abundance of alternative data. However, recently, some
index providers have started considering incorporating alternative data into a new generation
of indices.

For example, acompany named Indexical? provides indices such as Severity, Opportunity,
Complexity, and Futurity. Futurity, for example, analyses through NL P and assigns a score
regarding how much a company is referred to in the past and future tenses. Indexica found
that if it ranked the constituents of the S& P 500 by their futurity score, the top decile has had
between a 60% and 70% return over the past three years while the lowest decile had a 20%
return over the same period.

Refinitiv created sector-based news sentiment indices, which track, for agiven industry or
sector, the media sentiment about this sector. Borovkovaet al. (2017) empirically investigate
the relationship between the Refinitiv sector sentiment indices for 11 sectors and the stocks
trading in that sector. They show that this relationship is particularly significant at times of
market downturns.

Indices are based on a set of underlying factors. For example, the main factor driving the
S& P 500 is market capitalization. We shall see in Chapter 10 that by using automotive data
factors other than the market cap can be predictive for companies performance. We shall
show results when weighting the companies by market cap or equally, comparing them to
results using automotive data, including some alternative datasets relating to the automotive
supply chain. Later, in Section 6.8, we give a broader overview of how to incorporate
aternative data into the process of creating indices.

6.6. ESG FACTORS

Typically, when we think of developing factor indices, such as trend, our main objective isto
maximize some type of return statistic, whether that is the Sharpe ratio, annualized returns, or
others. However, there are some scenarios where we might wish to incorporate other criteria



into our model. One such situation involves ESG-based factors for equities portfolios. In this
instance, we want to select firms that adhere to various ethical standards, related to the
environment, social, and governance concerns. This initiative to use ESG has been driven by
investors, including some of the world's largest funds, such as Norges Bank Investment
Management (Norges Bank Investment Management, 2018). There are no widely accepted
definitions of what precise criteriato quantify companies through an ESG score. However,
we can try to give abroad definition.

On the environment side, we can look at a number of factors, such asfirms' usage of energy,
how they handle waste, and so on. Aswe might expect, oil companies are unlikely to score
very high on such criteria. By contrast, firms involved in more sustainable industries score
highly.

For the social part, it is possible to look at how the company interacts with its clients,
workers, and local community. It is unlikely that tobacco firms score highly on this scale,
given that their products are harmful to their users. What are workers' conditions like and isa
high priority given to their safety? Do they have policies for diversity? When we look at
governance, we need to see what their decision-making processislike. Do they listen to the
concerns of shareholders? Does their board have oversight? Do they have policiesin place to
manage conflicts of interest? Have they been accused of unethical and illegal practices such
as bribery? Do board members have any significant conflicts of interest?

We could argue that given climate change, firms that score poorly on environmental issues
are unlikely to be as good long-term investments in the coming decades. Hence thereislikely
to be alink with long-term returns and afirm's environmental score. One example might be
an oil company that is not preparing for renewable energy. The sameis also true of
governance. A poorly governed firm is unlikely to be a good investment, asit could be
subject to increased risks, whether related to litigation or also fraud. From the perspective of
social concerns, we could also argue that firms that restrict their recruiting pool to avery
small subset of the population are unlikely to be getting the best employees. Furthermore, the
lack of diversity could also foster alarge amount of groupthink. If firms treat their employees
poorly, they are also unlikely to be productive as they could be.

It can be difficult to quantify the criteriafor ESG. After all, most of the questions we ask are
gualitative. However, we are ultimately interested in creating atime series of quantifiable
results on which to rank companies. At present there are a number of alternative data vendors
developing data products that give ESG datafor companies. These include firms such as
Engaged Tracking. Firms devel oping metrics for ESG can use avariety of techniquesto
harvest this information, ranging from parsing news to delving into annual reports of firms,
essentially combining a mixture of data sources from within and outside the firm.
RobecoSAM created an annual Corporate Sustainability Assessment (CSA) for over 4800
companies based on ESG criteria. RobecoSAM has partnered with S& Pto create factor-
based indices for common factors, such as momentum, which also incorporate ESG
information derived from CSA.



6.7. DIRECT AND INDIRECT PREDICTION

Given our ultimate goal of predicting asset returns by making use of alternative data, we have
three ways to proceed. We can either directly predict asset returns from the alternative data at
hand; or we can use it to first predict some fundamentals and then make the link from the
fundamentals to asset returns; or we can predict asset returns by jointly using alternative data
and fundamentals. In the case of a company, the fundamentals can be financia ratios, such as
book-to-market, leverage, earnings per share, or the like. There might be instances where the
alternative dataset we are examining is already in arelatively structured form, which makesit
intuitive to hypothesize that it has a direct relationship with returns. However, this might not
always be the case.

In the case of investing macro-based assets, such as bonds or FX, we may seek to forecast
macro data. These could be budget deficits or labor markets, for example. We could also seek
to track central bank communications to understand how they will likely change monetary
policy, in reaction to shifting fundamentals. There is no way to say which one is better
because it depends on the specificity of the problem and of the data. In practice, even if we
are trading single stocks, we might also wish to have a broader-based macro overlay, as
equity sector performance can be very sensitive to the various stages of the economic cycle.

One can argue in favor of first predicting fundamentals. In fact, there is economic intuition of
why, say, company fundamentals should drive equity returns. If, for example, revenues-to-
expenses decreases, our intuition suggests that this will negatively impact the equity price. If
leverage increases, we also expect the credit spread to go up. We can also conjecture that
macroeconomic fundamentals are likely to impact macro assets such as sovereign bond
markets or currency markets. If economic data becomes weaker, it islikely that central banks
will be more dovish. Hence, bond yields are likely to fall asthe market pricesin amore
dovish outlook. Conversely, when economic data is consistently strong and pointing to higher
inflation, it islikely that yields could rise. The rationale is that the market is pricing in amore
hawkish central bank. The shift in monetary policy expectations often also ripplesinto the
way currency markets trade.

Then we can use alternative data to predict such ratios. The approach would differ between
industry sectors. In the case of revenue forecasting of, say, shopping centers, satellite images
from parking lots could be a good predictor. For afirm such as Apple, we would need to try
different approaches to forecast revenues. In this case, their revenues are heavily related to
iPhone sales, and one way to do this could be through tracking mentions of iPhone in social
media (Lassen, Madsen, & Vatrapu, 2014). We can also try to trade our fundamental forecast
predictions around specific short-term events, such as quarterly company equities releases or
economic data releases. Admittedly, there are likely to be some capacity constraints around
such short-term strategies.

Hence, the modeling path we are opting for in this case (Model A) is shown in Figure 6.1.
Contrast this with the direct approach (Model B) in Figure 6.2.



A third approach in which both alternative and fundamental data are used directly to predict
asset returnsis shown in Figure 6.3.

FIGURE 6.1 Probabilistic Graphical Model (PGM) showing a potential modeling sequence
(Model A) where AD = Alternative Data, F = Fundamentals, AR = Asset Return.

FIGURE 6.2 Another potential modeling sequence (Model B).

FIGURE 6.3 A third potential modeling sequence (Model C).

It isimportant to understand what all these alternatives mean. Assume for the sake of
simplicity that we have only one variable in the alternative dataset trying to predict only one
fundamental ratio, and let's focus on the case of linear regression models. In terms of
equations, Model A tranglates into:

AR = ﬁAR,FF -1 EAR (611)
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with the assumption that cov(e 4p, £5) = (). For Model B we have:

AR = ' s pAD + € 44 (6.13)

and for Model C:
AR =" \n pF + B" ap apAD + €" 4 (6.14)
F=p"cpAD +€" (6.15)

whereit is assumed that cov(e”’ ;. €' ) = (). Thereis no way to conclude upfront which
AR F

is the best model but each modeling sequence we choose comes with assumptions with
regard to the correlation (of lack thereof) between residual error terms.

We must say that practical considerations will also guide the modeling choice, like the
availability of data. For example, assume that we have alternative data only for a short
amount of time, say, 2 years of daily observations. Company fundamentals, on the other
hand, are only available at quarterly frequency or perhaps semi-annual frequency, depending
on the country. This means that over the 2 years time window, the equations used to predict
F (Model A and Model C) will have very low statistical power. In Model C, this also means
converting A ) to quarterly frequency, thus losing potential variation due to lower time
granularity. If the asset returns are available daily, then a better option could be to use
directly Model B but with the caveat that we might sacrifice some economic intuition. We
will test the three approaches in Chapter 10 on a dataset consisting of global automotive
stocks, alongside an alternative dataset from IHS Markit on the automotive supply chain.

We a'so point readers to other literature on this subject. Thisincludes Guida (2019), who
applies machine learning for factor investing. Their study uses a machine learning technique
(XGBoost) to incorporate features based on equity ratios into afactor model that trades
single stocks. Alberg and Lipton (2018), meanwhile, use deep learning to forecast traditional
company fundamental ratios. These forecasts are used as inputs into an equity factor trading
model. We shall elaborate on this paper in Chapter 10, in our own analysis of atrading
strategy on automotive stocks.

6.8. SUMMARY

In this chapter, we gave a brief introduction to factor-based investing, discussing some of the
most common factor models. While factors such as trend and value are very well established
and form the basis of various smart beta indices, we noted that alternative data could be used
within the process to enhance existing factors and also create new ones. As we might expect,
factor-based investing is usually focused on improving the return statistics for an investor.
However, it is possible that investors may have other objectives, over and above purely



examining returns. We cited the example of ESG datasets that could be used by factor
investors to include in their investment process, considerations related to environmental,
social, and governance firms. In general, firms that score highly on ESG criteriaare al'so
likely to be good investments. For example, it is unlikely that afirm that is seen as having
governance issues and significant conflicts of interest would be seen as a plus by markets.
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We assume that the reader is familiar with the basics of Markowitz's portfolio theory. For
those who are not, we advise the following literature: Markowitz (1991), Markowitz &
Todd (2000).

See Cochrane (2009) for a derivation of the CAPM in afundamental equilibrium
approach. The —predictionll of such an approach is essentially Equation 6.1.

In theory, the market in Equation 6.1 must include all the asset classes. In practice, itis
very difficult to construct such an index, so proxies are preferred.

In the case of well-diversified portfolios, one can indeed argue that the idiosyncratic errors
can be neglected. However, such assumption does not always hold in practice. In fact,
network effects (i.e. non-vanishing correlations) can be present among the ¢ and they
might be non-negligible (see Billio, 2016; Ahelegbey, 2014).

See Connor (2010).
We drop the subscripts here.

See Cochrane (2009) for the derivation of Equation 6.6 both in the absence of stochastic
error terms and in their presence. In the latter case, the argument goes that diversification
can remove idiosyncratic risk as error terms are uncorrel ated with one another and with
the factors. This, of course, might not hold because in redlity, for finite portfolios, the
residuals small risk can still be priced in, or even for very large portfolios where some
assets could represent large portions of the market. See again Cochrane (2009), Chapter 9,
and Back (2010), Chapter 6, for a discussion on the topic.

Could be regarded as arisk premium in case of positive sign of E[F_J,— — rel.

The book-to-market ratio is defined as the book value of a company divided by its market
capitalization (a stock's price times shares outstanding). The book value is defined as the
net asset value of a company (i.e. the difference between total assets and total liabilities).

10 Low-value stocks are also called growth stocks; high-value stocks are simply sometimes

called value stocks.

11 Factors other than those based on accounting variables or alternative data can be of value

as well. The momentum factor in the Carhart model, for example, is constructed from past



stock returns, which is neither accounting nor aternative data.
12 Indices constructed with weights according to some risk factor (e.g. the value factor).

13 These are the equivalent of roughly 8.8%, 9.7%, and 11.5% compound annual returns,
respectively.

14 https.//www.indexica.com/.

15 In this section we will make use of the language of Probabilistic Graphical Models
(PGM). For an introduction see Koller et a. (2009).
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CHAPTER 7
Missing Data: Background

7.1. INTRODUCTION

Aswe discussed in Section 3.3.2, dealing with missing data| a ubiquitous problem| isone
of the crucial stepsin making data useful at all. In this chapter we will describe the problem
of missing data imputation in more general terms. We will present a specific case study that
focuses on filling gaps in multivariate financial time series in the next chapter.

Providing a general recipe for tackling missing datais not possible, given that the problem
arises in many different-in-nature practical applications. For example, filling gapsin financial
time series can be quite different from filling gaps in satellite images or text. Nevertheless,
some techniques can be widely reused over different domains, as we will show in this chapter
and the next. Techniquesto fill missing data are applicable regardless of whether or not a
dataset is alternative, so in what follows we will not make such distinction. We only remark
that, in general, we expect to have more missing data and data quality problemsin the
alternative data space. Thisis due to the increased variety, velocity, and variability of
alternative data compared to more standardized traditional datasets.

Treating missing data is something that must be performed before any further analysisis
attempted. A predictive model (e.g. an investment strategy) can then be calibrated on the
treated dataset as a second step. We must be careful, though, to understand whether the
missing data in the training set was something accidental (e.g. deleted recordsin the
historical database by mistake) or is arecurrent and unescapable characteristic of the data
that will reappear in live feeds, hopefully with the same patterns when later deployed in
production. In the latter case, the missing data algorithms must be implemented in production
aswell. It is also important to understand whether the missing data algorithms we built in the
preprocessing stage are applicable in alive environment. Thiswill depend on constraints
such as how those algorithms are implemented, what is the maximum computational time
tolerated for the execution of the missing data treatment step, and the like.

However, as we already mentioned in Chapter 5, if missing datais not something accidental
in the training set but reappearsin production, it could start to appear in acompletely
different pattern due to a variety of reasons. These could be atemporary technical glitch that
must be fixed. Alternatively, it might be because certain information is no longer collected
and hence the associated data feed is interrupted. In the latter case this might call for a
complete revision of the algorithms| both for the investment strategy and for the missing
data treatment step. Another possibility is that the missing data pattern has changed
compared to the training set due to the changing nature of the input data. With market data,
one obvious example can be changes in trading hours or the holiday calendar. In this case,
this callsfor arevision and update of the algorithm used to fill the missing data and maybe



those of the investment strategy. A careful analysisis necessary according to each individual
case to assess the best course of action. Last, non-stationarity (see Section 4.4.2) or regime
changes can also impact the data collection and hence the missingness pattern. For example,
when consensus estimates are collected, say, for credit default swap prices, they are not
published if the dispersion of the analysts' estimatesis too big. A disagreement between
analystsis more likely to happen in periods of market turmoil, which could thus add different
mi ssingness patterns to the data.

7.2. MISSING DATA CLASSIFICATION

Patterns of missingness can appear in very different forms, which can impact the imputation
strategy, as we will describe in the following sections. Hence, it is useful to first analyze
possi ble missing mechanisms as well as common patterns.

In the statistical literature one usually considers the data being generated by a distribution
function, g(X|@), with unknown parameters ¢ . The functiona form of £ may or may not

be known. It isthen of interest to clarify how the missingness pattern M is generated and
how it isrelated to the observed data| that is, what general form the conditional distribution
function f(M|X, ¢p) haswhere ¢b isacollection of unknown parameters. Formally, we

can separate the datainto observed and missing parts, X = (X”"”. X””'“') . Thisismeant to

be understood as follows: there exists a complete dataset X, but we only observe values
Xebs . Thevalues ymiss are not observed, so usually we would not know them. However,
for the following reasoning it is very useful to consider their values and their relation to the
missingness patterns as well. In the literature typically the following distinction is made:?

1. Missing Completely at Random (M CAR): Missingness patterns do not depend on any
observed or non-observed data values:

JM|X, ¢) =f(M|p) (7.1)

2. Missing at Random (M AR): Missingness patterns depend on observed but not on non-
observed data values:

fM|X, ) = F(M|X, ) (7.2)

One may find the term MAR confusing, since the missingness pattern M is not random,
but rather depends on the observed values. It is, however, commonly used in the
literature.

3. Missing Not at Random (M NAR): Missingness patterns depend on both observed and
non-observed data values:

_f(M|X1 fj'J') =_f[M|X“h"', Xarra'.\'.51 d}) (7.3)



An example for MAR is a survey where income quotes are missing for respondents above a
certain age. An example for MNAR would be that in a survey income values are more likely
to be missing if these values are below a certain threshold and age (observed) is above a
certain value. In other words, respondents leave out income if they are old and earn little. The
distinction has the following consequences. MCAR and MAR belong to a class of
missingness that is called ignorable and that makes it applicable for multiple imputation (M)
approaches, which we will describe later. Roughly speaking, the non-observed values can be
Integrated out in these cases. In contrast, treating MNAR carefully is more difficult since in
principle we cannot predict the missing values only from the observed ones. In these
situations, extra data collection or additional insights from domain experts can be useful.
Formally, one can then introduce suitable priors to deal with the imputation. Some of the Ml
packages allow for that.

7.2.1. Missing Data Treatments

In general, there are three methods to deal with missing data: (1) deletion, (2) replacement,
and (3) predictive imputation. The first two are very ssmple and rudimentary, but they could
be used in cases where the impact of their application is small or building a predictive
imputation model could be too costly. We describe the three methods in the following.

7.2.1.1. Deletion

Deletion is the simplest method. It consists of simply removing records. This can be done
listwise or pairwise. Listwise deletion means that any record in a dataset is deleted from an
analysisif thereis missing data on any variable taken into consideration in the analysis. In
certain cases, this can be aviable option, but more often this constitutes a very costly
procedure because alot of datais discarded. Dropping records reduces the sample size and
hence the statistical power of the results unless the remaining sampleis still substantial.
Moreover, this approach only worksif the datais MCAR. If it is not, incomplete records that
are dropped will differ from the complete cases till in the sample. Then the remaining
selected random sample is no longer reflective of the entire population. This could lead to
biased results. In some cases, listwise deletion is entirely impractical; for instance, for the

credit default swap data discussed in the next chapter, we would lose alot of valuable data.?
Therefore, listwise deletion nowadays is usually dismissed in favor of more sophisticated
techniques.

In pairwise deletion, missing data is smply ignored and only the non-missing variables are
considered for each record. Pairwise deletion allows the use of more of the data. However,
each computed statistic may be based on a different subset of cases and this could cause
problems. For instance, using pairwise deletion may not yield a proper positive semidefinite
correlation matrix.

More flexible and powerful strategies are ones where we predict missing data from the
observed one. Generally, one can distinguish deterministic from stochastic approaches for
data imputation.



7.2.1.2. Replacement

A basic deterministic approach isto impute missing values for a particular feature by a
simple guess, such as the mean of the observed values of this feature or the majority value
(mode). This can be a successful strategy if the missing fraction isvery small. There are,
however, two problems with this approach: (1) mean or mode imputation can be inaccurate,
and (2) as discussed extensively in the literature (see Little & Rubin, 2019; Schafer, 1997),
this simple imputation technique alters the statistical properties of the data. For instance, the
variance of avariable is decreased through mean imputation. For missing valuesin atime
series, we also need to be careful not to use a mean that is computed using future values, and
only use a mean computed on historical values.

7.2.1.3. Predictive Imputation

To overcome the limitations of the simpleminded approaches, like mean imputation, a
statistical framework has emerged over the last 30 years, which is termed multiple imputation
(M1). The general idea of this framework isto deduce joint distribution functions from which
the imputed data can be sampled. The data imputation is then nondeterministic, and multiple
imputation sets can be generated. For predictive analytics on a completed dataset, statistics
for the predicted quantities can be computed. Hence, the uncertainty about the imputation can
be properly accounted for. Moreover, these imputation techniques ensure that statistical
properties of the data, such as the underlying distribution, mean, and variance are not altered
by the imputation.

Thiswill be also one of the approaches we will use in the case examined in the next chapter.
But before that, let's turn to provide aliterature review of some missing data treatments that
fall in the predictive imputation class.

7.3. LITERATURE OVERVIEW OF MISSING DATA
TREATMENTS3

According? to Wang (2010), inappropriate handling of missing data can introduce bias,
leading to misleading conclusions and limited generalizability of research findings. Barnard
(1999) argues that the most frequent types of associated problems with the lack of missing
data treatment are: (1) loss of efficiency; (2) complications in handling and analyzing the
data; and (3) bias resulting from differences between missing and complete data. This points
to the fact that treating missing datais of crucial importance to practical applications.

In what follows we will review some of the important papers, in our view, on missing data
imputation. We will substantiate the fact that| as expected by virtue of the no-free-lunch
theorem| we cannot have a best-performing imputation algorithm for every problem.
Instead, the —bestll algorithm must be chosen for the specific problem we are examining.

7.3.1. Luengo et al. (2012)



The first paper we will summarizeisthat of Luengo et al. (2012), which compares the effects
of 14 different imputation techniques on data on which 23 classifiers are subsequently
trained. The classifiersfall into these three categories:

1. Rulelnduction Learning. Thisgroup refersto algorithms that infer rules using
different strategies. Those methods that produce a set of more or less interpretable rules
belong in this category. These rules include discrete and/or continuous features, which
are treated by each method depending on their definition and representation. Thistype
of classification method has been the most used in cases of imperfect data.

2. Approximate Models. Thisgroup includes artificial neural networks, support vector
machines, and statistical learning. Luengo et a. include in this group those methods that
act like ablack box. Hence, those methods that do not produce an interpretable model
fall under this category. Although the naive Bayes method is not a completely black box
method, the paper considers that thisis the most appropriate category for it.

3. Lazy Learning. This group includes methods that are not based on any model but use
the training data to perform the classification directly. This process implies the presence
of measures of similarity of some kind. Thus, all the methods that use a similarity
function to relate the inputs to the training set are considered as belonging to this
category.

The classification methods falling into the rule induction learning group are C4.5 (C4.5);
Ripper (Ripper); CN2 (CN2); AQ-15 (AQ); PART (PART); Slipper (Slipper); scalablerule
induction (SRI); Rule induction two in one (Ritio); and Rule extraction system version 6
(Rule-6). The classification methods falling into the approximate models group are
multilayer perceptron (MLP); C-SVM (C-SVM); k-SVM (k-SVM); sequential minimal
optimization (SMO); radial basis function network (RBFN); RBFN decremental (RBFND);
RBFN incremental (RBFNI); logistic (LOG); naive Bayes (NB); and learning vector
quantization (LV Q). The classification methods falling into the lazy learning group are 1-NN
(1-NN); 3-NN (3-NN), locally weighted learning (LWL ), and lazy learning of Bayesian rules
(LBR).

Finally, the imputation techniques they employ are do not impute (DNI), case deletion or
ignore missing (IM), global most common/average (MC), concept most common/average
(CMC), k-nearest neighbor (KNNI), weighted k-NN (WKNNI), k-means clustering
imputation (KM1), fuzzy k-means clustering (FKMI), support vector machines (SVMl),
event covering (EC), regularized expectation kmaximization (EM), singular value
decomposition imputation (SVDI), Bayesian principal component analysis (BPCA), and
local least squares imputation (LLSI).

They first apply each imputation technique before applying each classification method to
each of the 21 (imputed) datasets. Each imputer-classifier combination is then given arank
on how it performed over the given dataset. The Wilcoxon signed rank test is then used to

assign each imputer-classifier asingle rank,? which can be seen in Figure 7.1. The lower the
value of the rank, the better that imputation technique performs in combination with that



classifier.

7.3.1.1. Induction Learning Methods

Luengo et al. come to the conclusion that, for the rule induction learning classifiers, the
imputation methods FKMI, SVMI, and EC perform best, as can be seenin Figure 7.2. These
three imputation methods are, therefore, the most suitable for thistype of classifiers.
Furthermore, both FKMI and EC methods were also considered among the best overall.

7.3.1.2. Approximate Models

In the case of approximate models, differences between imputation methods are more
evident. One can clearly select the EC imputation technique as the best solution (see Figure
7.3), as seen by its average rank of 4.75, almost 1 lower than the next nearest technique,
KMI, which stands as the second best with an average rank of 5.65. Next, we see FKMI with
an average rank of 6.20. In thisfamily of classification methods, EC is, therefore, the
superior imputation technique.

7.3.1.3. Lazy Learning Methods

For this set of methods (Figure 7.4) Luengo et al. find that MC is the best imputation
technique with an average rank of 3.63, followed by CMC with an average ranking of 4.38.
Only the FKMI method can be compared with the MC and CM C methods with an average
rank of 4.75, with all other techniques having an average rank at or above 6.25. Once again,
the DNI and IM methods obtain low rankings, with DNI coming 13th of 14, with only the
BPCA method performing worse.

RBFN RBFND RBFNI C4.5 1- LOG LVQ MLP NB k- C- Ripp

NN SVM SVM
IM 9 65 M5 5 5 6 (B513 12 10 (b5Q CB5S
EC 1 1 1 ®5®5 3 7 B5 10 13 1 (B5

KNNI 5 5 105 9 @5 9 7 11 5 8 B5Q @5
WKNNI'13 65 45 11 4 10 10 Q45 B5 U5 B5Q @5
KMI B85 2 7 5 12 3 11 3 45 8 B5Q @5
FKMI 12 5 105 &5 6 3 Q5 U5 11 A5 B5Q @5
SYMI 2 115 @5 1 ®5 5 B5 Q5 13 8 11 (k5
EM B5 &5 13 13 11 12 125 10 45 45 10 12
SVDI 9 (b5 7 11 13 11 125 85 3 115 12 11
BPCA 14 14 14 14 14 13 7 14 2 2 13 13
LLSS 6 5 105 11 XI5 ¥5 7 B5 9 A5 B5Q B5
MC 9 ®B5 105 I5¥5 3 7 B5 8 115 B5Q B5



CMC |9 13 @5 5 1 3 Q5 Q5 14 14 B5Q B5

DNI 9 115 7 @5 @5 14 14 12 1 1 14 14
PART Slipper 3NN AQ CN2 SMO LBR LWL SRI Ritio Rule- Avg.QQRAN
6
14 11 %5 10 B5 5 8 B5 6 5 B8 7
65 1 13 %5 B5 2 9 8 B5 6 1 GBIQ 2
6511 5 11 B5®5 9 8 115 11 11 X.76 10
65 7 &5 B5 1 GB5 9 8 115 6 11 9% 8
653 B5 B5 B5 9 9 @5 @5 12 F5 B24 5
6510 QL5 2 %5 3 9 @5 1 2 3 B2 1
6.5 7 9 1 %5 9 3 8 B5 6 2 609
65 7 B5 12 13 115 9 @5 3 6 4 (B37 11
6512 12 10 12 115 1 12 5 10 11 @72 12
13 7 14 13 14 13 13 13 13 13 13 1187 14

65 7 B5 B5 11 9 9 8 3 6 ¥5 J22 9
65 2 Q5 ®B5 GB5%5 3 @5 3 6 ¥5 BIl 4
1213  (B5 3 %5 1 3 8 ®B5 1 F5 B28 6
1414 10 14 B514 14 14 14 14 14 1061 13

FIGURE 7.1 Average rank for all the classifiers. Column -Avg.ll is the average of all ranks
for a given imputation technique.

Source: Based on datafrom Luengo et al. (2012).
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FIGURE 7.2 Average rank for the rule induction learning methods.

Source: Based on datafrom Luengo et al. (2012).
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FIGURE 7.3 Average rank for the approximate methods.
Source: Based on datafrom Luengo et al. (2012).
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FIGURE 7.4 Average rank for the lazy learning methods.
Source: Based on datafrom Luengo et al. (2012).

7.3.1.4. Overall

Overall, conclusions are not that straightforward (see Figure 7.5). FKMI obtains the best final
ranking; however, the EC method has a very similar average ranking (5.70 for EC, 5.26 for
FKMI). There are some additional methods that obtain similar average rankings, not far off
of FKMI and EC. SVYMI, KMI, MC, and CMC have average rankings between 6.09 and 6.28
and we cannot, therefore, firmly establish one best method from among them all, as already
anticipated.
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FIGURE 7.5 Best imputation methods for each group. The three best rankings per column
are stressed in bold.

Source: Based on datafrom Luengo et al. (2012).

7.3.2. Garcia-Laencina et al. (2010)

Similar to Luengo et al. (2012), Garcia-Laencinaet al. (2010) deal with the problem of
handling missing values and subsequent classification on the imputed data. Rather than
making a grouping by classifier, Garcia-Laencinaaims to review avariety of approachesto
handling missing data grouped into one of four following broad categories (see Figure 7.6):

1. Deletion of incomplete cases and classifier design using only the complete data portion.

2. Imputation or estimation of missing data and learning of the classification problem
using the edited set (i.e. complete data portion and incomplete patterns with imputed
values). In this category, we can distinguish between statistical procedures, such as
mean imputation or multiple imputation, and machine learning approaches, such as
imputation with neural networks

3. Using model-based procedures, where the data distribution is modeled by some
procedure, such as by expectation maximization (EM) algorithm. The PDFs of these
models are then used with Bayes decision theory for the classification.

4. Using machine learning procedures designed to allow inputs with incomplete data (i.e.
without a previous estimation of missing data).

The imputation methods that Garcia-Laencina et al. consider are mean imputation,
regression, hot and cold deck imputation, multiple imputations, and machine learning
imputation methods, including KNN, self-organizing maps (SOM), multi-layer perceptron
(MLP), recurrent neural networks (RNN), auto-associative neural networks (AANN), and
multi-task learning (MTL).

For model-based procedures (category 3), they also cover model-based Gaussian mixture
models (GMM), expectation-maximization (EM) with k-means initialization, robust
Bayesian estimators, neural networks ensembles, decision trees, support vector machines,
and fuzzy approaches.



Methods for pattern classification with missing data

Case deletion Missing data imputation Model-based procedure ML
/ \ i methods for handling
missing data
Statistical Imputation Max likelihood l
imputation based on ML with EM algorithm
methods - Ensemble methods
/ l l - Fuzzy methods
- k-nn imputation Gaussian mixture - Decision trees with
- Mean imputation - MLP imputation models inductive algorithms
- Multiple imputation - Auto-associative - Support vector machines
- Regression imputation neural network imputation
- Hot deck imputation - SOM imputation
- Recurrent neural network
imputation

- Multi-task networks

FIGURE 7.6 Methods for pattern classification with missing data. This scheme shows the
different procedures that are analyzed in Garcia-Laencinaet al. (2010).

Source: Adapted from Garcia-Laencina et al. (2010).

They assess al these methods by comparing mean classification errors across 20 simul ated
datasets over varying amounts of missingness along with areal medical dataset pertaining to
thyroid disease.

Of the machine learning methods used for imputation, they find, similar to Luengo et al.
(2012), that it is very much a case of —horses for coursesll with different methods performing
better in different classification domains, as can be seenin Figures 7.7, 7.8, and 7.9. They
conclude that, generally, there is not a unique solution that provides the best results for each
classification domain. Thusin rea-life scenarios, adetailed study isrequired in order to
evaluate which missing data estimation can help to enhance the classification accuracy the
most.



Missing data in x4 (%) Missing data imputation
KNN MLP SOM EM
5 921 056 997 048 928 0.84 829 0.24
101085 1.0610.86 0.79 9.38 0.52 927 0.54
20 11.88 1.01 11.42 0.44 10.63 0.54 10.78 0.59
30 1350 0.8112.82 0.5113.88 0.67 1269 0.57
40 14.89 049 13.72 0.37 1555 0.66 13.31 0.56

FIGURE 7.7 Misclassification error rate (mean  standard deviation from 20 simulations) in
a toy problem (for more information on the dataset see Garcia-Laencina et al., 2010) after
missing values are estimated using KNN, MLP, SOM, and EM imputation procedures. A
neural network with six hidden neurons is used to perform the classification stage.

Source: Based on datafrom Garcia-Laencina et al. (2010).

Missing data in x, (%) Missing data imputation
KNN MLP SOM EM
51592 1261584 11316.32 1.1316.19 0.99
10 16.88 1.16 16.87 1.16 16.97 1.18 16.85 1.03
20 18.78 1.29 19.09 1.2919.30 1.2319.23 112
302058 1.3120.76 1.3422.04 1.0121.22 112
40 2261 1302276 1.2324.06 1.29 23.11 1.37

FIGURE 7.8 Misclassification error rate (mean  standard deviation from 20 simulations) in
Telugu problem (a well-known Indian vowel recognition problem) after missing values are
estimated using KNN, MLP, SOM, and EM imputation procedures. A neural network with 18
hidden neurons is used to perform the classification stage.

Source: Based on data from Garcia-Laencina et al. (2010).




Missing data imputation
KNN MLP SOM EM
Misclassification error rate (%) 3.01 0.33 3.23 0.31 349 0.35 360 0.31

A neura network with 20 hidden neuronsis used to perform the classification stage.

FIGURE 7.9 Misclassification error rate (mean  standard deviation from 20 simulations) in
sick-thyroid dataset after missing values are estimated using KNN, MLP, SOM, and EM
Imputation procedures. A neural network with 20 hidden neurons is used to perform the
classification stage.

Source: Based on datafrom Garcia-Laencina et al. (2010).

7.3.3. Grzymala-Busse et al. (2000)

Grzymaa-Busse et a. (2000) tests how 9 methods of dealing with missing data affect the
accuracy of both naive and new LERS (L earning from Examples based on Rough Sets)
classifiers across 10 different datasets.

The missing data methods used are: most common éattribute value; concept most common
attribute value; C4.5 based on entropy and splitting the example with missing attribute values
to al concepts; method of assigning all possible values of the attribute; method of assigning
all possible values of the attribute restricted to the given concept; method of ignoring
examples with unknown attribute values, event-covering method; a special LEM2 a gorithm;
and method of treating missing attribute values as special values. More in-depth details of
these methods can be found in the paper itself. They use classification error rates and the
Wilcoxon signed rank test to assess which methods perform best over the 10 datasets.

Figures 7.10 and 7.11 show usthe error rates of each classifier after imputing values using
each of the given methods for each dataset.



M ethods
Datafile 1 2 3 4 5 6 7 8 9
Breast 34.62 34.62 31.5 28.52 31.88 29.24 34.97 33.92 32.52

Echo 6.76 6.76 5.4 - - 656 6.76 6.76 6.76
Hdynet 29.15 31.53 22.6 - - 28.41 28.82 27.91 28.41
Hepatitis 24.52 13.55 19.4 - - 18.75 16.77 18.71 19.35
House 506 529 46 - - 474 483 575 644
Im85 96.02 96.02 100 - 96.02 94.34 96.02 96.02 96.02
New-o = 516 4.23 65 - - 49 469 423 3.76
Primary 66.67 62.83 62 41.57 47.03 66.67 64.9 69.03 67.55
Soybean 15.96 18.24 13.4 - 411541 19.87 17.26 16.94

Tokt 31.57 31.57 26.7 32.75 32.75 32.88 32.16 33.2 32.16

FIGURE 7.10 Error rates of input datasets by using LERS new classification.
Source: Based on data from Grzymala-Busse et al. (2000).

M ethods
Datafile 1 2 4 5 6 7 8 9
Breast 49.3 52.1 46.98 47.32 48.38 52.8 52.1 47.55

Echo 27.03 25.68 - - 31.15 29.73 33.78 22.97
Hdynet 67.49 69.62 - - 65.27 69.21 56.98 61.33
Hepatitis 38.06 28.39 - - 32.537.42 41.29 34.84
House 10.11 7.13 - - 9.0510.57 12.87 11.72
Im85 97.01 97.01 - 97.01 94.34 97.01 97.01 97.01
New-o 11.74 11.74 - - 11.19 11.27 10.33 10.33
Primary 83.19 77.29 53.16 60.09 81.82 80.53 82.1 79.94
Soybean 25.41 22.48 - 486 24.06 24.1 21.82 22.15

Tokt 63.62 63.62 62.82 62.82 64.15 63.36 63.62 63.89

FIGURE 7.11 Error rates of input datasets by using LERS naive classification.
Source: Based on data from Grzymala-Busse et al. (2000).

Grzymala-Busse et al. first conclude that the new extended LERS classifier is always
superior to the naive one. They then compare the different imputation methods concluding
that the C4.5 approach and the method of ignoring examples with missing attribute values are
the best methods among all nine approaches, whereas the -most common attribute val uell
method performs worst. They also find that many methods do not differ from one another



significantly.

7.3.4. Zou et al. (2005)

Zou et al. (2005) aimsto assess 9 different methods of handling missing data by testing the
improvement they give to each of the C4.5 and ELEM2 classifiers across 30 datasets,
compared to ignoring data points with missing values. They further come up with meta-
attributes for each dataset that are used in a rule-based system (i.e. decision tree) to decide
under which circumstances one should use each imputation method over the others.

Similar to the other papers, and as the need for a rule-based system would suggest, thereis no
—elear winnerll in terms of imputation techniques. The efficacy of each very much depends on
the type of data and meta attributes of the data. Asfor their system to select which imputation
technique to use, they conclude (after testing on a validation set) that this rule-based system
Is superior to simply selecting one imputation method for all datasets.

7.3.5. Jerez et al. (2010)

Jerez et al. (2010) tests avariety of imputation techniques to impute missing values on a
breast cancer dataset. They compare the performance of different statistical methods, namely,
mean, hot deck, and multiple imputation, against machine learning methods, namely, multi-
layer perceptrons (MLP), self-organizing maps (SOM) and k-nearest neighbors (KNN). For
multiple imputation, a variety of algorithms/software are used; Ameliall (bootstrapping-
based EM); WinMICE (multiple imputation by chained equations based); and MI in SAS
(Markov chain Monte Carlo based). Performance was measured via the area under the ROC
curve (AUC) and the Hosmer-L emeshow goodness of fit test.

They find that, for this dataset, the machine learning methods were the most suitable for
imputation of missing values and led to a significant enhancement of prognosis accuracy
compared to imputation methods based on statistical procedures, as can be seen in Figure
7.12. Infact, only the improvements of these methods were deemed statistically significant in
predicting breast cancer relapses compared to the method of removing entries with missing
values.

AUC LD Mean Hot-deck SAS Amelia Mice MLP KNN SOM
Mean 0.7151 0.7226 0.7111 0.7216 0.7169 0.725Q0.734Q0.7345 0.7331

Std. dev. 0.0387 0.0399 0.0456 0.0296 0.0297 0.0301 0.0305 0.0289 0.0296
MSE  0.0358 0.0235 0.0324 0.0254 0.1119 0.1119 0.024Q0.0195 0.0204

FIGURE 7.12 Mean, standard deviation, and M SE values for the AUC (area under the ROC
curve) values computed for the control model and for each of the eight imputation methods
considered.

Source: Based on data from Jerez et al. (2010).

7.3.6. Farhangfar et al. (2008)



Farhangfar et a. (2008) studies the effect of 5 imputation methods, across 15 datasets at
varying levels of artificially induced missingness (MCAR), on 7 classifiers. The imputation
techniques tested are: mean imputation, hot deck, naive Bayes (the latter two methods with a
recently proposed imputation framework), and a polytomous regression-based method. The
classifiers used are; RIPPER, C4.5, k-nearest-neighbor, support vector machine with
polynomial kernel, support vector machine with RBF kernel, and naive Bayes.

The results show that imputation with the tested methods on average improves classification
accuracy when compared to classification without imputation. However, there is no universal
best imputation method. They also note afew more general casesin which certain imputation
techniques seem to perform best. The analysis of the quality of the imputation with respect to
varying amounts of missing data (i.e. between 5% and 50%) shows that all imputation
methods, except for the mean imputation, improve classification error for data with more
than 10% of missing data. Finally, some classifiers such as C4.5 and naive Bayes were found
to be missing data resistant. In other words, they can produce accurate classification in the
presence of missing data while other classifiers such as k-nearest-neighbor, SVMs, and
RIPPER benefit from the imputation. As C4.5 and naive Bayes classifiers were found to be
missing data resistant, any missing data imputation actually worsened their performance.

7.3.7. Kang et al. (2013)

Kang et al. (2013) proposes a hew single imputation method based on locally linear
reconstruction (LLR) that improves the prediction performance of supervised learning
(classification and regression) with missing values. They compare the proposed missing
value imputation method (LLR) with six well-known single imputation methods| mean
imputation; hot deck; KNN; expectation conditional maximization (ECM); mixture of
Gaussians (MoG); k-means clustering (KMC) | for different learning algorithms (logistic
regression; linear regression; KNN regression/classification; artificial neural networks;
decision trees; and the proposed LLR) based on 13 classification and 9 regression datasets,
across avariety of amounts of (artificially induced) missing data.

Kang claimsthat: (1) all imputation methods helped to improve the prediction accuracy
compared to removing data points with missing values, although some were very smple; (2)
the proposed L LR imputation method enhanced the modeling performance more than all
other imputation methods, irrespective of the learning algorithms and the missing ratios; and
(3) LLR was outstanding when the missing ratio was relatively high and its prediction
accuracy was similar to that of the complete dataset.

7.4. SUMMARY

Aswe have seen, each of the previous 7 papers draws different, and in some cases
conflicting, conclusions about a variety of imputation techniques. Aside from LLR in Kang
(2013), most methods are deemed to be superior in certain situations and not in others. As
such, the general consensus seems to be that there is no clear choice of imputation technique



that outperforms all others, other than possibly LLR. Due to the lack of papers reporting on
LLR's use for data imputation, though, we are hesitant to categorically state it asthe
imputation technique of choice, rather than suggest trying a variety of methods based on the
particulars of the dataset at hand. Hence, it is most likely that, as with al machine learning
algorithms, each has its own benefits and drawbacks. Hence, there is no one algorithm that
worksin al casesin line with the no-free-lunch theorem.

The literature review in this chapter is by no means exhaustive. It can also be the case that
none of these algorithmsis applicable for alternative data treatment where, for example,
gpatial information (e.g. satellite images) can be important to use. We will show how to apply
spectral techniquesin this case in the next chapter. Also, time series could contain important
temporal information that can be leveraged. Again, we will show a case study in the next
chapter where information about the temporal ordering is used for the imputation.

NOTES
1 SeelLittle (2019).

2 Inany application, ajudgment on whether we will lose alot or a small amount of data
depends on the aim of the application. In the case study in the next chapter, the data can
be used for the calculation of the Expected Shortfall (ES), for example. The calculation of
ES requires recent and plentiful data, which induces alow tolerance to long streaks of
missing data.

(@8]

The reader can also take alook at Graham (2009), who provides an exhaustive
introduction to missing data problems.

See Section 4.1 in Luengo et al. (2012).

I~



CHAPTER 8
Missing Data: Case Studies

8.1. INTRODUCTION

In this chapter we will present real-world case studies on imputing missing values based on
multivariate time series of credit default swap (CDS) data and satellite images. But before

delving into it, let's start by introducing some notation.2

For the case study in this section, we use a description in terms of a standard data matrix
Xy . p With V observationsand P features. Thismeansthat X has observations along
the first index (rows) and different features along the second index (columns). Since we are
dealing with multivariate time series, P corresponds to the number of time series
components and time stamps increase along the columns. It is noteworthy that alot of what
we discuss also applies to datain different formats such as heterogeneous data with pP
different features. Image data, for example, can be represented with either V x P pixel

values.

All observations for a given time series component 2 can be written as a column vector X, .
The row vector (x,;, ... ,. x,p) collects all values of the components for a particular
observation and we define an observation vector by x™) = (x|, ... ,x,p)" - Explicitly,

the matrix X has the following form:

nl»

R i - . h!
Ilr'l'll ".‘Ij -1]"-',_ R _llp (81)
X2 X919 X9z P Xrp
X=|" 22 2 21
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A typical matrix with missing data ( 11¢1 ) then looks like this:

(% Ad Xy === Xyn) 6.2
Xa X949 na --+-+- na

X=]" £z * .
Xy 1A Xyz o ... Xyp)

It isuseful to define amissing matrix M to describe the position of missing data points; for
the example aboveit is of the following form:



(0 1 0 -.. 0 (8.3)
a0 01

0o 1 0 .. 0
This matrix helps to keep track of the position of the missing data and can aso be used to
analyze all the missingness patterns appearing. For a large number of features P , we can see
that one of the challenges of filling missing dataisthat alarge number of missing data
patterns can appear, and it is not clear a priori which variables to use to predict the missing

ones, since the predictors might as well contain missing values. Aswe will discuss below for
the CDS data discussed in this chapter, we will have P = 11.

8.2. CASE STUDY: IMPUTING MISSING VALUES IN
MULTIVARIATE CREDIT DEFAULT SWAP TIME SERIES

Before we jump into the case study, let's discuss some generalities. In literature, time series
are often dealt with by deterministic techniques that, for instance, extract trend and seasonal
behavior. We can split time series data into the univariate and the multivariate cases. Typical
imputation techniques for univariate time series include linear interpolation, moving average
smoothing and imputation, low pass filters, ARIMA decomposition, splines, wavelet
expansion, Kalman filters, or singular spectrum analysis (SSA). These techniques are
particularly successful when the stretches of missing data are short and if the time series has
agood signal-to-noiseratio.

Imputation for multivariate time series can in principle aso be performed by these
techniques. However, when available, it can be particularly beneficial to use correlations for
imputation. These can be taken into account by matrix decomposition techniques such as data
interpolation with empirical orthogonal functions (DINEOF) or its extension, multiple
singular spectral analysis (MSSA). Importantly, M1 imputation techniques also provide
multivariate time series imputation support using lags, leads, and explicit time covariates. We
point out that imputations in this case study focus on working directly with the levels

(values) and not on returns (first differences). Working with returns requires a different sort
of analysis and reconstruction of the levels may require stitching the integrated series or
approaches like Brownian bridge. Preliminary analysis of this alternative approach did not
suggest a strong performance for this case study.

The purpose of this section istwofold: (1) we introduce a systematic approach to deal with
missing data for multivariate time series, and (2) we benchmark a number of advanced
techniques for imputation. The approach isrelatively general and with minor modifications
can also be applied in other domains.

Asafirst step in our procedure we analyze missingness patterns in the data. In principle,
there can be systematic reasons that particular data points are not reported, or data can be



missing without any pattern (i.e. essentialy at random). Thus, as afirst step we test for the
missingness mechanism. Then we extract features of the missingness patterns and perform a
cluster analysis of the missingness patterns. Thisis very important to provide an overview of
the missingness space and it also feeds into the generation of arealistic train/validation set.
Thisis done by superimposing the different classes of observed missingness patterns on
completed data.

Once the test data has been generated, we benchmark the performance of different imputation
techniques. We use state-of-the-art M1 techniques based on I P (impute-posterior, like
multiple imputation with chained equations, or MICE) and EM (expectation maximization,
like the R package Amelia) versus state-of-the-art multivariate time series techniques
(DINEOF) and multiple singular spectral analysis (MSSA) on multivariate time series data.
We will discuss advantages and disadvantages of the different methods. Depending on the
application and the underlying data, one might prefer one over the other. For instance,
deterministic techniques such as DINEOF and MSSA may be able to more accurately
reconstruct a certain pattern in the data and hence fill values with higher accuracy. However,
M1 approaches preserve the statistical properties more accurately.

8.2.1. Missing Data Classification

Missingness patterns can appear in very different forms, which can impact the imputation
strategy. Hence, it is useful at first to analyze possible missing mechanisms, aswell as
common patterns to understand whether they can be collected into similar groups (clusters).
In this section, we describe a framework for doing that. The following procedure can be
applied to find and characterize missingness patterns. As afirst step we extract features of the
missing data. The following numerical quantities were found to be useful in our case:

1. Total fraction of missing values.

2. Fraction of missing datain particular features; hence, for instance, for the CDS data
consider the missingness fractions in short, medium, or long-term maturities separately.

3. Statistics about the length of runs of consecutive missing values for the different
features (min, max, mean, standard deviation).

4. Other data-specific measures,

Once the feature space is constructed, dimensionality reduction (e.g. principal component
analysis, or PCA) can be performed, followed by clustering (e.g. K-means). We will present
the results for the clustering for the CDS data in the next section but before that |et's define
some performance metrics.

8.2.2. Imputation Metrics

In order to quantify the quality of dataimputations, we define the following metrics:

Root mean square error (RMSE): Thisis an absolute measure, which is frequently used in
the literature. We denote by SP the set of missing observations for component /7 ,



N, = EP | S, |.2and Xy thetrue and fi‘w,
number of elementsin the set; then RMSE is:
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Mean relative deviation (MRD): Thisis arelative measure, which can be more suitable
when the values under consideration vary over different magnitudes:

p ~
dpyse = 1/ 1/N Z Z X —X. )"
RMSE J / M fod = | ”E-‘ﬁ},{ np np}

In situations where 4,,, may take zero as avalue or values close to zero, one needs to be
very careful when using this metric. In the literature this quantity is sometimes referred to as
mean absol ute percentage error (MAPE). In the performance analysis in Section 8.2.6 we
will focus on MRD.

the imputed valueand | S, | refersto the

(8.9)

Trueversus predicted R squared coefficient: R squared is a measure that appears
frequently in linear regression analysis and is also often used to gauge the accuracy of data
imputations. It is best to split it into separate quantities for each component /7 , so that values
of different magnitudes do not get mixed:

ZHESJ” ('rHI'I'J - :‘{:‘”I” }‘_ (86)
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Note that for the multiple imputation techniques all these metrics have multiple values, one
for each realization. One can analyze the mean, standard deviation, best, or worst result for
each of them.
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8.2.3. CDS Data and Test Data Generation

We use credit default swap (CDS) time series data to test the performance of imputation

techniques.® We started with a collection of over 4000 CDS entities for different maturities
and doc clauses over a period of nearly two years. In order to produce a comparable sample,
we narrowed the data down by focusing on tickers based in the United States, which are
traded in USD and occupy a higher-seniority tier. Thisresulted in a sample of 741 tickers
with 11 maturities, 6 monthsto 30 years (6M| 30Y). Data samples will be shown in Section
8.2.6. Missing values appear quite frequently for longer maturities (15Y, 20Y, 30Y), and
occasionally also for short maturities (6M, 1Y, 2Y), whereas the central maturities (5Y, 7Y)
are usually observed. As discussed below, this comes from the fact that missingnessis related
to the liquidity. The central maturities are the ones most commonly traded in the market.
While we are using CDS data, we can imagine that a similar approach could be used for other



asset classes such asrates and FX implied vol, where different tenors are likely to have
different levels of liquidity.

For data characterization, we performed standard multivariate normal (MVN) tests (Henze-
Zirkler, Royston, Mardia) for a subsample of 200 tickers with very small missingness
fractions. We found that the data is not consistent with the MV N hypothesis, and instead
shows considerable deviations from being MV N distributed.

We a'so investigated the missingness mechanism of the data (see Section 7.2). Generally, itis
unfortunately not possible to determine unambiguously the missingness class for agiven
dataset without additional insights. It is, however, possible to run Little's test (Little, 1988) to
assess whether the missingness patterns of the data are consistent with the MCAR
hypothesis. We ran Little's test on the actua missingness patterns and the MCAR hypothesis
was rejected in the majority of the cases with avery low p-value. This can be partly
attributed to deviations from the MV N distribution assumed in Little'stest, but it isalso a
clear indication that the missingness patterns mostly do not occur completely at random. The
cases where the missingness pattern was found consistent with the MCAR hypothesis usually
correspond to alow missingness fraction (< 1%). In such cases it can be difficult to
distinguish MCAR from non-MCAR. We further consulted with domain experts about the
reasons for missing data. The main underlying cause quoted was liquidity (i.e. insufficient
trading data to produce reliable price quotes). There was no particular evidence that the
missingness mechanism is MNAR and we concluded that MAR, and in some cases MCAR,
is a suitable assumption for the CDS dataset.

Then we performed the feature extraction and clustering analysis as introduced above. After
some exploratory work we focused on the following four features: percentage of missing data
in the four longest maturities, percentage of missing data in the four shortest maturities, a
standard measure of the length of consecutive missing streaks for the four longest maturities,
and the variance of this quantity. We then used Gaussian mixture models (see Murphy, 2012,
for clustering in this four-dimensional space). The results are summarized in Figure 8.1.

We show different tickersin vertical bars, ordered by increasing maturity (6M| 30Y) within
each bar. The black regions indicate missing values. We identified five different clusters. (1)
relatively small fraction of missing values, (2) missing values mainly for long maturities and
with relatively short and alternating stretches of consecutive missing values, (3) missing
valuesin long streaks for longer maturities, (4) patterns with considerable amounts of
missing data and substantial variation, and (5) patterns with large amounts of missing data
with uniform long stretches, often covering all maturities. Aswe can seein the histogram in
Figure 8.1 the majority of the patterns (around 70%) lie within clusters 1 and 2. For the
patterns in the first three clusters, we will show the imputation resultsin Section 8.2.6. For
cluster 1, about 15% of the samples were found to be consistent with the MCAR hypothesis.
These usually possess a very low missingness fraction. For clusters 2 and 3, none of the
samples were found to be consistent with the MCAR hypothesis.
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FIGURE 8.1 Clustering for CDS time series data: (1) relatively small fraction of missing
values, (2) missing values mainly for long maturities and with relatively short stretches of
consecutive missing values, (3) missing values in long streaks for longer maturities, (4)
patterns with considerable amount of missing data and substantial variation, (5) patterns with
large amounts of missing data with uniform long stretches, often covering all maturities.
Histogram of number of occurrences of missingness patterns for the different clusters.
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An important question for the evaluation of the performance of data imputation techniquesis
how to produce a suitable training and validation set. Using data with actually missing values
would be favorable in the sense that it contains realistic missingness patterns, however, it is
problematic because it does not allow us to estimate how close the imputed values are to the
true values, since they are not known. For MAR, ideally one would start with a complete
dataset and use a missingness generator of the form f(M |X”f’-*', ¢h) to createrealistic

missingness patterns M. Then imputation routines can be applied to the training data and the
imputed and true data can be compared. However, it is generally not easy to build such a
generator; moreover, we are usually not in the possession of a complete dataset.

We approached the problem as follows. we extracted a subset of the tickers that have very
few missing values (all 11 maturities with less than 1% missing fraction). The values that
were missing were imputed by linear interpolation in order not to introduce a particular bias.
This data serves as ground truth for testing. With this procedure we generated 200 samples of
ground truth CDS data, each with 11 maturities.



As anext step we had to impose a missingness pattern. A simple procedure, often found in
the literature, is to randomly remove data points, however, that is problematic, since the
Little test discussed above showed that the datais not consistent with MCAR. Therefore, our
procedure was to impose realistic missingness patterns ) on thisdata(i.e., we remove
values according to those predefined patterns). As discussed, we found five prevalent
patterns. Here we focus on the imputation of clusters 1, 2, and 3, as clusters 4 and 5 contain
longer stretches of completely absent data that would be better filled by a proxy. The test sets
for each cluster are generated by applying the patterns on the 200 ground truth examples. In
the case where the cluster does not contain enough different patterns, we draw from the
available patterns with repetition. A typical block for cluster 2 (ticker number 1) is shown in
the bottom of Figure 8.3. In this case the long maturities (10Y, 20Y, and 30Y) are missing for
aconsiderable amount of the time steps. The described combination of the complete
underlying dataset and imposed missingness pattern leads to semi-synthetic datasets on
which we can run the imputation routines, and since we have the ground truth, all the
performance metrics can be computed. This procedure leads to arelatively realistic

Mi ssingness representation for test purposes, which can be generated with little effort. The
described framework can be applied in other domains with minor modifications.

8.2.4. Multiple Imputation Methods

We briefly hinted at multiple imputation (M) in Section 7.2. Ml isa statistical framework for
data imputation (see Little & Rubin, 2019; Schafer, 1997). The objective isto determine a
good approximation for the joint distribution function for the data f(X'), both observed and

unobserved. Thisis usually achieved by an iterative mechanism. Once f(X) isfound,

imputations can be generated by sampling from the conditional distribution functions for the
various missingness patterns that occur. The conditional distributions can be derived from the
general joint distributions, either explicitly or made accessible implicitly by aMonte Carlo
sampling procedure.

A particular framework is termed multiple imputations by chained equations (MICE).
Chained equations refer to an iterative procedure through which data values and parameter
values are generated in a series of steps. The general assumption is that the (complete) datais
generated from amultivariate distribution function, p(X|#), where @ isacollection of

parameters, which is not known. In certain cases, the distribution function }? can be assumed
to have a particular form. For instance, a common assumption is that the complete datais
generated by an MV N distribution. Then all the distribution functions can be given explicitly,
and the procedure becomes a bit more transparent (see Enders, 2010). We focus on the
description of this casein this section. The general description based on aMarkov Chain
Monte Carlo sampling approach can be found in Buuren and Groothuis-Oudshoorn (2010).
We provide more details around the MICE procedure in Appendix 8.5.

8.2.4.1. The MVN Case
The basic assumption of this section is that the data (both observed and missing) is described



by amultivariate normal distribution with mean vector { and covariance matrix ¥,
formally:

X ~Nu,X) (8.7)

Then the conditional distribution functions used to impute data are also MV Ns (Murphy,
2012). The collection of parametersiswrittenas # = (u, X) .

The algorithm for the data imputation has an explicit form and does not rely on Gibbs
sampling. It has the imputation () - posterior (P) form. First, based on an initial estimate,
the generating distributions for the covariance matrix ¥, p(X|v, A), and for the mean
vector, M, p(u|u*,X*), are specified. We can draw initia parameters

o) = (', £(1) from these distributions.

| -step: We can impute data based on these parameters and from the generating distribution
functions. We have to do this for all missingness patterns separately. To predict missing
values for the variable X, , we have to determine the conditional distribution

»"}{XA'|X—L-*H“]*E[”} (8.8)

where X_, denotes the collection of observed variables excluding X . This can be
achieved in two equivalent ways: (1) We can sample from Equation 8.8 to impute values for
X, , and so on for the other variables. (2) Instead of sampling from the conditional MVN in
Equation 8.8, we can also derive the missing values from linear regression equations on ' L)

and y°(1), which include a stochastic variance term. There are different ways of doing this
regression. The ones that are most commonly used are (a) Bayesian linear regression (called
norm in the MICE package), and (b) predictive mean matching (PMM). Once all values are
imputed, the I-step has finished and the so-called P-step (for posterior in the Bayesian
framework) follows.

P-step: In this step, new distribution functions for the parameters § are estimated. Thisis
usually done entirely in a Bayesian framework. Certain assumptions are made for the priors,
and the likelihood and posterior functions are computed from the observed and previously
imputed data. In the MV N case discussed here, the posterior distribution for the covariance
matrix ¥ hasthe following form (Enders, 2010):

pEIv,A)=WEZ,v=N-1,¥=A) (8.9)

where /! istheinverse Wishart function, v isthe number of degrees of freedom, Y isa
positive definite scale matrix, and A isthe sample covariance matrix of the completed
dataset. If we denote the drawn matrix by ¥ *, then the new distribution function for i is
(Enders, 2010):



p(ulp* , Z*)=N(p, u*,Z;) (8.10)

with u™ the vector of sample means using the completed dataand X, = £ /N . Oncethe

distributions are specified, new parameters § can be obtained by sampling. We can see that
the parameters for these distribution functions are estimated iteratively from previous
imputation results, which in turn depend on previous parameter estimates. The procedure is
iterated until stationary distributions are found.

8.2.4.2. Expectation Maximization (EM) Procedure

Instead of the I-P procedure discussed in the |ast section, the parameters 6 = (u, X) can

also be estimated by maximum likelihood estimation (MLE) using the expectation
maximization (EM) algorithm. We use the assumption of the data being MV N distributed

again.
The procedure is as follows. The data collected into amatrix X , can be split into observed
and missing, X = (X””'*-",Xf“’") . The log-likelihood can be written as:

[ = ]Gg IJ(XFJII""|U} e E” ]D'g ZI””_“I“”[F[Inh}:.{n}1Ium'-.'.'[n}Iﬂ” (8.11)

Thisisdifficult to maximize directly, but it is a situation that can be treated with EM. The
ideaisto compute the parameters g — gt} iteratively. We first need an initial estimate to
compute § , either by just using complete datarows, or by using a simple imputation
scheme, for example, mean imputation. Then we can compute g(0) from the MLE.

E-step: Once we have some estimate for g(r—1) we can compute the expectation:

Q(H”',H“_”) = E IE” lﬂg N(x”|#1 Z)l | {quu—ln) (8-12)
where the expectation value is conditioned on (X g1 ‘} . This can be smplified and
reduced to computing expectations of the form Z”E[,x'i”ﬂ and Z” E[x™[x™]7] where

we omitted the conditioning for notational ssimplicity. These are called expected sufficient
statistics. In order to calculate those, we need to use relations of multivariate normal
conditional probability densities (see Murphy, 2012, p. 374).

M -step: In the maximization step, we compute new parameters g(f). Thisis done by
computing appropriate derivatives of the function () and solvingfor # and ¥, VO = 0.
Theresultis:

I:!' . I " (813)
p e EZHEII ]

and



ae #Z,,Elx“”lx“”l'“'] s (619

Note that this approach is quite careful to take into account the variance of the data. Once this
IS computed, we can return to the E-step and iterate.

Oncethe parameters @ = (u, X) are estimated, missing values can be imputed by sampling
from the appropriate conditional distribution. A data vector can usually be split up into
missing and observed parts x = (x5 _rffb-ﬁ'] . Missing values ymiss can be predicted by
sampling from the conditional distribution function:

F(xrm'.s:i |xnh.k ) (8.15)

asin Equation 8.9. To account for the uncertainty in the parameters @ abootstrap approach
can be used, which is done in the implementation of the R package Amelia (see Honaker et
al., 2011).

8.2.5. Deterministic and EOF-Based Techniques

As aready discussed in Section 8.2, rather than using the M1 frameworks, data imputation
can a'so be achieved by deterministic techniques. One approach is to use machine learning
techniques to predict missing data from the observed data. We used one popular approach
based on random forests. Some details about the algorithm and the software library that was
used can be found in Appendix 8.6. Other deterministic approaches are those based on
spectral decompositions and empirical orthogonal functions (EOFs). We will give a brief
introduction to those techniques.

8.2.5.1. Brief Recap of Singular Value Decomposition (SVD)

Consider the matrix X, . p . Then there exist orthonormal matrices Uy, . », Vp , p such
that:
X =Usv’ (8.16)

where Sy, , p isamatrix with values 4/ 4. on the diagonal (called singular values), and al

other entries are zero. A common convention isto list the singular values in descending
order. Thematrix {/ can be written as a collection of column vectors:

U=uy,u,, ... uyl (8.17)
and similarly for V' . They satisfy:

XX"u, = Au; withi=1, ... ,P (8.18)

and:



Wecal V; theright eigenvectorsof X and ¥; theleft eigenvectors. These vectors are
referred to as empirical orthogonal functions (EOF), since they span a space related to the
empirical data. We can write the SVD decomposition explicitly as:

X = Z:’z | \/Zﬂwi (8.20)

where ¢ isthe number of non-zero singular values. This expression isasum of rank 1
matrices.

8.2.5.2. Data Interpolation with Empirical Orthogonal Functions (DINEOF)

The DINEOF approach was introduced in the context of time resolved geological data (see
Beckers & Rixen, 2003). For instance, consider a spatiotemporal field f(f;, r and relate it

to the datamatrix X by:

= f(t;, ;) (8.21)

The strategy to fill missing dataisin the spirit of matrix completion via a decomposition of
the form:

X = AB (8.22)

where 4 isan N x K matrixand B isa K x P matrix. K correspondsto alatent
dimension carrying the essential information about the data. In the DINEOF approach this
matrix factorization is constructed iteratively using the EOF basis obtained via SVD. We start
by imputing afirst guess for the missing values (e.g. mean values), and then compute the
EOFs for the completed data matrix. The reconstruction in the DINEOF is based on a subset
of the EOFs:

X'"EoF) = 2””” fﬂlﬁ. (8.23)
A

where ngop = 1, ... , N and N, isan upper bound on the number of EOFsto be

used. For agiven number of EOFs, " , one has an inner loop to iterate to convergence
for the imputed values. One typically measures the convergence of the imputations by
initially removing a small random subset of otherwise known data points and computing
RMSE (true versus predicted); see Equation 8.4. Convergence is assumed when RM SE does
not decrease any further. A problem with this convergence assessment is that the randomly
removed points might follow a quite different pattern than the data that actually needs to be
imputed. Hence, the imputation may therefore not be optimal.

This approach works quite well when there is enough structure in the data, and P must not
be too small. For illustration, we give an example of DINEOF imputation for synthetic two-



dimensional datafield? in Figure 8.2.
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FIGURE 8.2 Example of DINEOF imputation for synthetic 2D data.

Two comparisons are shown. The first one has the true data from which randomly 50% of the
pixels are removed. With 1, = 8 basisfunctions we can get an accurate reconstruction.

In the second case, additional noise is added to the data and again a good reconstruction can
be achieved. Note that the DINEOF approach aims to include EOFs only aslong as they add
signal. However, achieving a clear signal/noise separation is numerically not easy. We will
show an example that is more in the spirit of thisbook | imputation on satellite images| in
Section 8.3.

8.2.5.3. Multiple Singular Spectral Analysis (MSSA)

Singular spectral analysis (SSA) is amore advanced decomposition technique than the matrix
factorization and it has been very successfully applied for time series analysisas well as
images (see Golyandinaet al., 2013 and references therein). We describe the technique for
time series, but the extension to images is formally relatively straightforward. The basic idea
Isto account for time-lagged covariances up to a certain window length 7, . For these objects
we perform SV D and then the time series can be decomposed and reconstructed with the
dominant modes and EOFs.

First consider the case of aunivariatetime series X = X, , P = | . Wefirst describe how to

do the time series decomposition for a complete dataset formally. For a given window size
L <N adK =N - L+ 1, construct the trgjectory matrix T, asfollows:



i : . .
x| X Xy o Xp ) (8.24)
X9 X3 X, ves X
TJ{ s 2 : +-l- : K'+|
k‘IL ‘[.’_."I" 1 ‘1'-.[.-5"3 — ‘T."'-" ),

whichisan [, x K matrix with the same time series points on the anti-diagonals. Note that
for the transformation |, — K, K — L , the corresponding trajectory matrices satisfy
Ty — T; . The trgjectory matrix can be used to compute the time-lagged covariance
matrix:

v __ T
Ot (8.25)
Thisis asymmetric matrix and has the explicit form:
( K .4 K | \ 8.26
E;;i-‘} Z:‘:I'Iflﬁl E;:]-‘J-"-fﬂ.—l (8:26)
K _ K+1 2
C= 2= 1%iXi4) Ef::-",-

K K+l _ N 2
sz'=|-‘~:'-"~f+r,—1 DXL Xi=k%;

We can see from this how time lags up to length [, are considered. In other words, modes
with maximal period [, can beidentified. The time-lagged covariance matrix isjust used for
illustration of which time correlations are picked up by SSA. The approach works directly
with the trgjectory matrix T’y . The next step isto perform SVD on Ty , such that the

following reconstruction can be given:

Ty = Do, VAliV] (820

Typically, one groups eigenvalues into certain subsets [, ... , [, ; for instance, oscillatory

modes appear as paired eigenvectors with very similar singular values. The partial
reconstruction is then written as;

R . 8.28)
tg= Zh: | Zke!h Vg, Vi (

for aparticular choice of {7, }. Thereis some subjectivity involved in this step. For instance,
in time series analysis, one might want to focus on atrend and only two oscillatory modes.

Thefinal step isto map the reconstructed trgjectory matrix back to the time series. We do this
by averaging over the antidiagonals. Denote by A, the set of anti-diagonal index pairs

/



(i,j) suchthat A, = {(1,1)}, A, = {(2,1),(1,2)} etc.,and | A, | the number of
elements. Then the reconstructed time seriesreads k = 1, ... . N :

(8.29)

JeC — l [ rec ] .
~k |A, | &= Ed, X
The data imputation based on SSA follows the same logic as for time series decomposition,
except that the EOF basis for the reconstruction and the imputed values are determined
iteratively. One starts by filling the missing values by an initia guess. Then Ty is
constructed and the SVD computed. A partial reconstruction with "gopF EOFS:

R ol o (8.30)

is used to fill the missing values for the reconstructed time series. Thisisiterated for
convergence for afixed "gop asabove in the DINEOF approach. The algorithm
successively adds more EOFs until no further improvement for the imputations can be
achieved or amaximal number of EOFsisreached. The improvement is typically measured
by randomly removing a small set of otherwise known data points and computing RM SE
(true versus predicted). Like DINEOF, the method is subject to potential problems arising
from different missingness patterns.

The multivariate case (MSSA) isformally very similar to the univariate case, but numerically
more involved. For each time series {X,, ,} atrajectory matrix Txﬁ can be computed:

(X, p X Xkp (8.31)

n '."_3;;
T}f A "'-Ep "_3;: "'_4;: e 'r.ﬁ'+lp
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These trgjectory matrices are stacked together into a combined trajectory matrix:

..-!'-Tx —_ [?‘xl 5 ?Tx: . st % ?"YP I (832)
Thisisan [, x P matrix. Note that the corresponding lagged covariance matrix accounts for
correlations between the different time series. Once the trajectory matrix is defined, the

formalism proceeds essentially as described above in the univariate case. Data imputation
based on M SSA was proposed and tested in Kondrashov and Ghil (2006).

8.2.6. Results

We will now discuss the performance of the different imputation techniques on the CDS time
series data introduced in Section 8.2.3. An example of a completed ground truth seriesis




displayed in Figure 8.3. It belongs to an issuer in the consumer goods sector and possesses a
—modified restructuringll doc clause.

We can see the daily quotes for a period of nearly two years. We observe a hierarchy of
values, which are ordered by the maturity. Since the CDS price is akind of measure for the
market view on the probability of default of a certain underlying asset within a defined time
period (maturity), thisis expected to be the case. There are no strong trend or seasonality
patterns, but the time series are also not strictly stationary. We can see that the values for the
different maturities are relatively well correlated. It is therefore intuitive that if values for
some of the maturities are missing, they can be inferred from the others. A typical
missingness pattern in cluster 2 is shown in the lower part of Figure 8.3. Stretches of values
for longer maturities are missing in certain intervals, some values of shorter maturities are
missing as well, whereas the central maturities are complete. For the test data generation
introduced in Section 8.2.3, we can think of this as a mask, which blocks out the respective
values.
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FIGURE 8.3 Top; Example of complete time series data (ticker 1, cluster 2). The lower part
shows the missingness pattern that is imposed on the compl ete data.

Before we provide a detailed comparison of imputed values with the true values for the
different imputation techniques, we first give afull overview of the results for the imputation
performance in the different clusters. For each method, we did extensive initial testing to



identify suitable hyper-parameters and input data adjustments. We have used several
techniques (see also Appendix 8.6). The multiple imputation techniques are MICE, based on
chained equations and conditional sampling, and Amelia, which uses the EM algorithm to
determine the joint data distribution function. As discussed in Section 8.2.4.2, Amelia uses
the assumption of the data being MV N distributed; however, we have seen in Section 8.2.3
that thisis not the case. As pointed out in Honaker et al. (2011) and Schafer (1997), and
illustrated by the following results, the MV N violation does not hamper imputations with
good performance. For MICE, we manually included one step time leads and lagsin the
imputation procedure. We checked both the Bayesian linear regression option (norm) as well
as predictive mean matching (PMM), but report results only for the former here, which
showed better performance. In Ameliawe used the options to include time-lagged and lead
data and explicit time covariates to second order. For both M1 techniques, we computed five
imputations and took the average values as predictions to eval uate the performance metrics,

As deterministic routines we tested Random Forest (missForest R Package), DINEOF, and
MSSA. We added an explicit time variable in the RF imputation, but no leads and lags. When
all values were missing for a particular time step, we first interpolated the four central
maturities linearly. This was also done for the DINEOF approach. In DINEOF, we first
subtracted the mean for each time series and then added it again after the imputation. For

M SSA we did not perform any prior linear interpolation. We chose the window length for the
patternsin cluster 1 to be 10 time steps and for the ones in clusters 2 and 3 to be 40 time
steps for better performance. It is noteworthy that both EOF-based techniques are sometimes
very sengitive to the starting values. We also tested an approach where M SSA was initialized
with Ameliaresults (Amelia+rM SSA). This avoids the usual inaccurate starting val ues.

With these choices we computed the imputations for 200 cases of missingness patterns
overlaid on the ground true values for each cluster 1, 2, and 3, enough to get reliable
statistics. In this section we focus on the MRD performance measure defined in Equation 8.5,
arelative measure suitable for the comparison of values with different magnitude. To get a
global comparative view of the performance we computed the summary statistics (mean,
standard deviation, minimum, maximum) of the 200 MRD values for each pattern, imputed
versus ground truth. The summary statistics for cluster 1 can be found in Table 8.1, for
cluster 2 in Table 8.2, and for cluster 3 in Table 8.3.

For cluster 1, the imputations are quite accurate and the MRD is usually between 1 and 3%,
with afew exceptions. The best performance is obtained with MSSA and Amelia, but the
other techniques produce comparable results. The patternsin cluster 1 have relatively few
missing values (1.5% on average) and they come in short stretches such that the imputation is
fairly straightforward.

A more challenging situation occurs for the patternsin cluster 2, which have a larger
missingness fraction of 13% on average. The MRD resultsin the second table are also still
quite accurate, with typical values 2 7%. Amelia shows the strongest performance, followed
by RF and MSSA. The matrix factorization approach (DINEOF) is less successful imputing
the patterns here. We will study thisin more detail later, when we directly compare the



imputations with the ground truth values.

TABLE 8.1 Summary statistics for MRD metrics for cluster 1 in comparison: Random
Forest (RF), DINEOF, MSSA, and average result out of 5 imputations for Amelia,
MICE.
Amelia DINEOF MICE RF MSA
mean 0.017 0.024 0.031 0.019 0.016
ssd | 0.010 0.019 0.032 0.014 0.011
min  0.002 0.001 0.002 0.000 0.001
max 0.057 0.141 0.374 0.077 0.102

TABLE 8.2 Summary statisticsfor MRD metricsfor cluster 2.

Amelia DINEOF MICE RF MSA
mean 0.035 0.064 0.052 0.046 0.048
std 0.035 0.053 0.056 0.057 0.056
min  0.005 0.011 0.009 0.002 0.005
max 0328 0.384 0.497 0.483 0.492

TABLE 8.3 Summary statistics for MRD metrics for cluster 2 where patterns were
filtered out if they have rows entirely missing.

Amelia DINEOF MICE RF MSA
mean 0.028 0.064 0.046 0.037 0.041
std 0015 0.054 0.052 0.032 0.041
min  0.005 0.011 0.009 0.002 0.005
max 0.104 0.384 0.497 0.256 0.342

Cluster 2 contains 20 patterns, which have stretches where observations are missing for all
maturities for anumber of consecutive time steps. These cases are particularly difficult to
impute with the methods discussed here. An imputation based on a proxy (i.e. external data
that is directly related) islikely to be more successful. It is of interest to look at the metrics
when these patterns are filtered out. The summary statistics for this are shown in Table 8.3.
We can see that the performance improves alittle bit for all the techniques except for
DINEOF.

The patternsin cluster 3 typically have more missing values (about 19% on average) and
long stretches of missing values for the long maturities. The summary statistics for MRD can
be found in Table 8.4. The values for MRD are spread typically between 3 and 20%, with
means of the order of 10%. Asin cluster 2, Amelia shows the strongest performance with an
average of about 9%, followed by RF, MICE, MSSA, and DINEOF.



TABLE 8.4 Summary statisticsfor MRD metricsfor cluster 3in comparison.

Amelia DINEOF MICE RF MSA
mean 0.093 0.141 0.111 0.098 0.128
ssd 0135 0.121 0.158 0.103 0.125
min  0.009 0012 0.010 0.014 0.008
max 0980 0.728 1.522 0.650 0.739

TABLE 8.5 Summary statistics for MRD metrics for cluster 3, where patterns were
filtered out if they have rows entirely missing.

Amelia DINEOF MICE RF MSA
mean 0.061 0.135 0.950 0.920 0.126
std 0084 0.124 0.155 0.104 0.129
min  0.009 0012 0.010 0.014 0.008
max 0.705 0.728 1.522 0.650 0.739

Cluster 3 contains 23 patterns that have stretches where observations are missing for al
maturities for anumber of consecutive time steps. The results for when we remove those are
shown in Table 8.5. The performance improves considerably for Amelia and moderately for
the others. Both EOF-based approaches depend on the starting values. We have a so tested a
combined Ameliat+M SSA approach, where Amelia predictions are used as starting values for
the MSSA algorithm. For cluster 3 we found mean MRD of 0.099, which is a considerable
improvement over the pure M SSA approach (0.128) with naive mean starting values.

We now compare, in more detail, the predictions of the different techniques. As an example,
we choose ticker 1 (cluster 2) for which the complete data and the missingness mask were
shown in Figure 8.3. It misses alot of consecutive values for the longer maturities and the
total missingness fraction is around 17%. The Ameliaimputations are shown in Figure 8.4
(top). From the 5 imputations we computed the average values shown as dots, and the shaded
region indicates the spread between maximum and minimum for the imputation range. The
full line shows the ground truth. We can see that the imputed data follows relatively well the
general structure of the data, which isinferred from the correlation with the other series. The
spread for the higher maturitiesis abit larger. Hence, Amelialearns the correlations with the
other (more complete) time series well and imputes both the temporal structure as well as the
magnitude of the values accurately. The value for MRD is only 0.02.

The MICE imputations for the same time series are shown in Figure 8.4 (bottom) and are
guite similar to the Ameliaresultsin this case. We can see again that the imputed data
follows relatively well the general structure of the data. The spread appears to be a bit larger
than in the case of Amelia. The value for MRD iswith 0.024 dlightly worse than for Amelia



