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―A lternative data is one of the hottest topics in the investm ent m anagem ent industry today.
W hether it is used to forecast global econom ic grow th in real tim e, to parse the entrails of a
com pany w ith m ore granularity than that offered by a quarterly report, or to better understand
stock m arket behaviour, alternative data is som ething that everyone in asset m anagem ent
needs to get to grips w ith. A lexander D enev and Saeed A m en are able guides to a convoluted
subject w ith m any pitfalls, both technical and theoretical, even for those w ho still think
Python is a snake best avoided.‖

‍ R obin W igglesw orth, G lobal finance correspondent, Financial Tim es.

―C ongratulations to the authors for producing such a tim ely, com prehensive, and accessible
discussion of alternative data. A s w e m ove further into the tw enty-first century, this book w ill
rapidly becom e the go-to w ork on the subject.‖

‍ Professor D avid H and, Im perial C ollege London

―O ver the last decade, alternative data has becom e central to the quest for tem porary
m onopoly of inform ation. Yet, despite its frequent use, little has been w ritten about the end-
to-end pipeline necessary to extract value. This book fills the om ission, providing not just
practical overview s of m achine learning m ethods and data sources, but placing as m uch
im portance on data ingestion, preparation, and pre-processing as on the m odels that m ap to
outcom es. The authors do not consider m ethodology alone, but also provide insightful case
studies and practical exam ples, and highlight the im portance of cost-benefit analysis
throughout. For value extraction from  alternative data, they provide inform ed insights and
deep conceptual understanding ‌ crucial if w e are to successfully em bed such technology at
the heart of trading.‖

‍ Stephen R oberts, R oyal A cadem y of Engineering/M an G roup Professor of M achine
Learning, U niversity of O xford, U K , and D irector of the O xford-M an Institute of

Q uantitative Finance

―True investm ent outperform ance com es from  the triad of data plus m achine learning plus
supercom puting. A lexander D enev and Saeed A m en have w ritten the first com prehensive
exposition of alternative data, revealing sources of alpha that are not tapped by structured
datasets. A sset m anagers unfam iliar w ith the contents of this book are not earning the fees
they charge to investors.‖

‍ D r. M arcos Lñpez de Prado, Professor of Practice at C ornell U niversity, and C IO  at True
Positive Technologies LP

―A lexander and Saeed have w ritten an im portant book about an im portant topic. I am
involved w ith alternative data every day, but I still enjoyed the perspectives in the book, and
learned a lot. I highly recom m end it to everybody looking to harness the pow er of alt data
(and avoid the pitfalls!).‖

‍ Jens N ordvig, Founder and C EO  of Exante D ata
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Preface
D ata perm eates through our w orld, in ever increasing am ounts. This fact alone is not
sufficient for data to be useful. Indeed, data has no utility, if it is devoid of inform ation,
w hich could aide our understanding. D ata needs to be insightful for it to be of use and it also
needs to be processed in the appropriate w ay. In the pre-B ig D ata age days, statistics such as
averages, standard deviation, correlations w ere calculated on structured datasets to illum inate
our understanding of the w orld. M odels w ere calibrated on (a sm all num ber of) input
variables w hich w ere often w ell ―understood‖ to obtain an output via w ell-trodden m ethods
like, say, linear regression.

H ow ever, interpreting B ig D ata, and hence alternative data, com es w ith m any challenges. B ig
D ata is characterized by properties such as volum e, velocity and variety and other V s, w hich
w e w ill discuss in this book. It is im possible to calculate statistics, unless datasets are w ell
structured and relevant features are extracted. W hen it com es to prediction, the input
variables derived from  B ig D ata are num erous and traditional statistical m ethods can be
prone to overfitting. M oreover, now adays calculating statistics or building m odels on this
data m ust be done som etim es frequently and in a dynam ic w ay to account for the alw ays
changing nature of the data in our high frequency w orld.

Thanks to technological and m ethodological advances, understanding B ig D ata and by
extension alternative data, has becom e a tractable problem . Extracting features from  m essy
enorm ous volum es of data is now  possible thanks to the recent developm ents in artificial
intelligence and m achine learning. C loud infrastructure allow s elastic and pow erful
com putation to m anage such data flow s and to train m odels both quickly and efficiently.
M ost of the program m ing languages in use today are open source and m any such as Python
have a large num ber of libraries in the sphere of m achine learning and data science m ore
broadly, m aking it easier to develop tech stacks to num ber crunch large datasets.

W hen w e decided to w rite this book, w e felt that there w as a gap in the book m arket in this
area. This gap seem ed at odds w ith the ever grow ing im portance of data, and in particular,
alternative data. W e live in a w orld, w hich is rich w ith data, w here m any datasets are
accessible and available at a relatively low  cost. H ence, w e thought that it w as w orth w riting
a lengthy book to address how  to address the challenges of how  to use data profitably. W e do
adm it though that the w orld of alternative data and its use cases is and w ill be subject to
change in the near future. A s a result, the path w e paved w ith this book is also subject to
change. N ot least the label ―alternative data‖ m ight becom e obsolete as it could soon turn
m ainstream . A lternative data m ay sim ply becom e ―data‖. W hat m ight seem  to be great
technological and m ethodological feats today to m ake alternative data usable, m ay soon
becom e trivial exercises. N ew  datasets from  sources w e could not even im agine could begin
to appear, and quantum  com puting could revolutionise the w ay w e look at data.

W e decided to target this book at the investm ent com m unity. A pplications, of course, can be



found elsew here, and indeed everyw here. B y staying w ithin the financial dom ain, w e could
also have discussed areas such as credit decisions or insurance pricing, for exam ple. W e w ill
not discuss these particular applications in this book, as w e decided to focus on questions that
an investor m ight face. O f course, w e m ight consider adding these applications in future
editions of the book.

A t the tim e of w riting, w e are living in a w orld afflicted by C O V ID -19. It is a w orld, in
w hich it is very im portant for decision m akers to m ake the right judgem ent, and furtherm ore,
these decisions m ust be done in a tim ely m anner. D elays or poor decision m aking can have
fatal consequences in the current environm ent. H aving access to data stream s that track the
foot traffic of people can be crucial to curb the spread of the disease. U sing satellite or aerial
im ages could be helpful to identify m ass gatherings and to disperse them  for reasons of
public safety. From  an asset m anager's point of view , creating now casts before official
m acroeconom ic figures and com pany financial statem ents are released, results better
investm ent decisions. It is no longer sufficient to w ait several m onths to find out about the
state of the econom y. Investors w ant to have be able to estim ate such points on a very high
frequency basis. The recent advances in technology and artificial intelligence m akes all this
possible.

So, let us com m ence on our journey through alternative data. W e hope you w ill enjoy this
book!
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CHAPTER 1
Alternative Data: The Lay of the Land

1.1 INTRO DUCTIO N
There is a considerable am ount of buzz around the topic of alternative data in finance. In this
book, w e seek to discuss the topic in detail, show ing how  alternative data can be used to
enhance understanding of financial m arkets, im prove returns, and m anage risk better.

This book is aim ed at investors w ho are in search of superior returns through nontraditional
approaches. These m ethods are different from  fundam ental analysis or quantitative m ethods
that rely solely on data w idely available in financial m arkets. It is also aim ed at risk m anagers
w ho w ant to identify early signals of events that could have a negative im pact, using
inform ation that is not present yet in any standard and broadly used datasets.1

A t the m om ent of w riting there are m ixed opinions in the industry about w hether alternative
data can add any value in the investm ent process on top of the m ore standardized data
sources. There is new s in the press about hedge funds and banks w ho have tried, but failed to
extract value from  it (see e.g. R isk, 2019). W e m ust stress, how ever, that the absence of
predictive signals in alternative data is only one of the com ponents of a potential failure. In
fact, w e w ill try to convince the reader, through the practical exam ples that w e w ill exam ine,
that useful signals can be gleaned from  alternative data in m any cases. A t the sam e tim e, w e
w ill also explain w hy any strategy that aim s to extract and m ake successful use of signals is a
com bination of algorithm s, processes, technology, and careful cost-benefit analysis. Failure
to tackle any of these aspects in the right w ay w ill lead to a failure to extract usable insights
from  alternative data. H ence, the proof of the existence of a signal in a dataset is not
sufficient to benefit from  a superior investm ent strategy, given that there are m any other
subtle issues at play, m ost of w hich are dynam ic in nature, as w e w ill explain later.

In this book, w e w ill also discuss in detail the techniques that can be used to m ake alternative
data usable for the purposes w e have already noted. These w ill be techniques belonging to
w hat are labeled today as the fields of M achine Learning (M L) and A rtificial Intelligence
(A I). H ow ever, w e do not w ant to give the upfront im pression of being unnecessarily
com plex, w ith these ―sophisticated‖ catchall term s. H ence, w e w ill also include sim pler and
m ore traditional techniques, such as linear and logistic regression,2 w ith w hich the financial
com m unity is already fam iliar. Indeed, in m any instances sim pler techniques can be very
useful w hen seeking to extract signals from  alternative datasets in finance. N evertheless, this
is not a m achine learning textbook and hence w e w ill not delve in the details of each
technique w e w ill use, but w e w ill only provide a succinct introduction. W e w ill refer the
reader to the appropriate texts w here necessary.

This is also not a book about the technology and the infrastructure that underlie any real-



w orld im plem entations of alternative data. These topics encom passing data engineering are
still, of course, very im portant. Indeed, they are necessary for anything found to be a signal in
the data to be of any use in real life. H ow ever, given the variety and the deep expertise
needed to treat them  in detail, w e believe that these topics deserve a book on their ow n.
N evertheless, w e m ust stress that m ethodologies that w e use in practice to extract a signal are
often constrained by technological lim itations. D o w e need an algorithm  to w ork fast and
deliver results in alm ost real tim e or can w e live w ith som e latency? H ence, the type of
algorithm  w e choose w ill be very m uch determ ined by technological constraints like these.
W e w ill hint at these im portant aspects throughout, although this book w ill not be, strictly
speaking, technological.

In this book, w e w ill go through practical case studies show ing how  different alternative data
sources can be profitably em ployed for different purposes w ithin finance. These case studies
w ill cover a variety of data sources and for each of them  w ill explore in detail how  to solve a
specific problem  like, for exam ple, predicting equity returns from  fundam ental industrial data
or forecasting econom ic variables from  survey indices. The case studies w ill be self-
contained and representative of a w ide array of situations that could appear in the real-w orld
applications, across a num ber of different asset classes.

Finally, this book w ill not be a catalogue of all the alternative data sources existing at the
m om ent of w riting. W e deem  this to be futile because, in our dynam ic w orld, the num ber and
variety of such datasets increase every day. W hat is m ore im portant, in our view , is the
process and techniques of how  to m ake the available data useful. In doing so, w e w ill be
quite practical by also exam ining m undane problem s that appear in sieving through datasets,
the m issteps and m istakes that any practical application entails.

This book is structured as follow s. Part I w ill be a general introduction to alternative data, the
processes and the techniques to m ake it usable in an investm ent strategy. In C hapter 1, w e
w ill define alternative data and create a taxonom y. In C hapter 2 w e w ill discuss the subtle
problem  of how  to price datasets. This subject is currently being actively debated in the
industry. C hapter 3 w ill talk about the risks associated w ith alternative data, in particular the
legal risks, and w e w ill also delve m ore into the details of the technical problem s that one
faces w hen im plem enting alternative data strategies. C hapter 4 introduces m any of the
m achine learning and structuring techniques that can be relevant for understanding
alternative data. A gain, w e w ill refer the reader to the appropriate literature for a m ore in-
depth understanding of those techniques.

C hapter 5 w ill exam ine the processes behind the testing and the im plem entation of
alternative data signals-based strategies. W e w ill recom m end a fail-fast approach to the
problem . In a w orld w here datasets are m any and further proliferating, w e believe that this is
the best w ay to proceed.

Part II w ill focus on som e real-w orld use cases, beginning w ith an explanation of factor
investing in C hapter 6, and a discussion of how  alternative data can be incorporated in this
fram ew ork. O ne of the use cases w ill not be directly related to an investm ent strategy but is a
problem  at the entry point of any project and m ust be treated before anything else is



attem pted ‌ m issing data, in C hapters 7 and 8. W e also address another ubiquitous problem
of outliers in data (see C hapter 9). W e w ill then exam ine use cases for investm ent strategies
and econom ic forecasting based on a broad array of different types of alternative datasets, in
m any different asset classes, including public m arkets such as equities and FX . W e also look
at the applicability of alternative data to understand private m arkets (see C hapter 20), w here
m arkets are typically opaquer given the lack of publicly available inform ation. The
alternative datasets w e shall discuss include autom otive supply chain data (see C hapter 10),
satellite im agery (see C hapter 13), and m achine readable new s (see C hapter 15). In m any
instances, w e shall also illustrate the use case w ith trading strategies on various asset classes.

So, to start this journey, let's explain a little bit m ore about w hat the financial com m unity
m eans by ―alternative data‖ and w hy it is considered to be such a hot topic.

1.2 W HAT IS ―ALTERNATIVE DATA‖?
It is w idely know n that inform ation can provide an edge. H ence, financial practitioners have
historically tried to gather as m uch data as is feasible. The nature of this inform ation,
how ever, has changed over tim e, especially since the beginning of the B ig D ata revolution.3
From  ―standard‖ sources like m arket prices and balance sheet inform ation, it evolved to
include others, in particular those that are not strictly speaking financial. These include, for
exam ple, satellite im agery, social m edia, ship m ovem ents, and the Internet-of-Things (IoT).
The data from  these ―nonstandard‖ sources is labeled alternative data.

In practice, alternative data has several characteristics, w hich w e list below . It is data that has
at least one of the follow ing features:

Less com m only used by m arket participants

Tends to be m ore costly to collect, and hence m ore expensive to purchase

U sually outside of financial m arkets

H as shorter history

M ore challenging to use

W e m ust note from  this list that w hat constitutes alternative data can vary significantly over
tim e according to how  w idely available it is, as w ell has how  em bedded in a process it is.
O bviously, today m ost financial m arket data is far m ore com m oditized and m ore w idely
available than it w as decades ago. H ence, it is not generally labeled as alternative. For
exam ple, a daily tim e series for equity closing prices is easily accessible from  m any sources
and it is considered nonalternative. In contrast, very high frequency FX  data, although
financial, is far m ore expensive, specialized, and niche. The sam e is also true of
com prehensive FX  volum e and flow  data, w hich is less readily available. H ence, these
m arket derived datasets m ay then be considered alternative. The cost and availability of a
dataset are very m uch dependent on several factors, such as asset class and frequency. H ence,
these factors determ ine w hether the label ―alternative‖ should be attached to it or not. O f



course, clear-cut definitions are not possible and the line betw een ―alternative‖ and
―nonalternative‖ is som ew hat blurred. It is also possible that, in the near future, w hat w e
consider ―alternative‖ w ill becom e m ore standardized and m ainstream . H ence, it could lose
the label ―alternative‖ and sim ply be referred to as data.

In recent years, the alternative data landscape has significantly expanded. O ne m ajor reason
is that there has been a proliferation of devices and processes that generate data. Furtherm ore,
m uch of this data can be recorded autom atically, as opposed to requiring m anual processes to
do so. The cost of data storage is also com ing dow n, m aking it m ore feasible to record this
data to disk for longer periods of tim e. The w orld is also aw ash w ith ―exhaust data,‖ w hich is
data generated by processes w hose prim ary purpose is not to collect or generate and sell the
data. In this sense, data is a ―side effect.‖ The m ost obvious exam ple of exhaust data in
financial m arkets is m arket data. Traders trade w ith one another on an exchange and on an
over-the-counter basis. Every tim e they post quotes or agree to trade at a price w ith a
counterparty, they create a data point. This data exists as an exhaust of the trading activity.
The concept of distributing m arket data is hardly new  and has been an im portant part of
m arkets for the ages and is an im portant part of the revenue for exchanges and trading
venues.

H ow ever, there are other types of exhaust data that have been less com m only utilized. Take,
for exam ple, a large new sw ire organization. Journalists continually w rite new s articles to
inform  their readers as part of their everyday business. This generates large am ounts of text
daily, w hich can be stored on disk and structured. If w e think about firm s such as G oogle,
Facebook, and Tw itter, their users essentially generate vast am ounts of data, in term s of their
searches, their posts, and likes. This exhaust data, w hich is a by-product of user activity, is
m onetized by serving advertisem ents targets tow ard users. A dditionally, each of us creates
exhaust data every tim e w e use our m obile phones, creating a record of our location and
leaving a digital footprint on the w eb.

C orporations that produce and record this exhaust data are increasingly beginning to think
about w ays of m onetizing it outside of their organization. M ost of the exhaust data, how ever,
rem ains underutilized and not m onetized. Laney (2017) labels this ―dark data.‖ It is internal,
usually archived, not generally accessible and not structured sufficiently for analysis. It could
be archived em ails, project com m unications, and so on. O nce such data is structured, it w ill
also m ake that data m ore useful for generating internal insights, as w ell as for external
m onetization.

1.3 SEG M ENTATIO N O F ALTERNATIVE DATA
A s already m entioned, w e w ill not describe all the sources of alternative data but w ill try to
provide a concise segm entation, w hich should be enough to cover m ost of the cases
encountered in practice. First, w e can divide the alternative data sources into the follow ing
high-level categories of generators:4 individuals, institutions5 and sensors, and derivations or
com binations of these. The latter is im portant because it can lead to the practically infinite



proliferation of datasets. For exam ple, a series of trading signals extracted from  data can be
considered as another transform ed dataset.

The collectors of data can be either institutions or individuals. They can store inform ation
created by other data generators. For exam ple, credit card institutions can collect transactions
from  individual consum ers. C oncert venues could use sensors to track the num ber of
individuals entering a particular concert hall. The data collection can be either m anual or
autom atic (e.g. handw riting versus sensors). The latter is prevalent in the m odern age,
although until a couple of decades ago the opposite w as true.6 The data recorded can either
be in a digital or analog form . This segm entation is sum m arized in Table 1.1.

W e can further subdivide the high-level categories into finer-grained categories according to
the type of data is generated. A  list can never be exhaustive. For exam ple, individuals
generate internet traffic and activity, physical m ovem ent and location (e.g. via m obile phone),
and consum er behavior (e.g. spending, selling); institutions generate reports (e.g. corporate
reports, governm ent reports), institutional behavior (e.g. m arket activity); and physical
processes collect inform ation about physical variables (e.g. tem perature or lum inosity, w hich
can be detected via sensors).

TA B L E  1.1 Segm entation of alternative data.

W ho G enerates the
D ata?

W ho C ollects the
D ata?

H ow  Is It
C ollected?

H ow  Is It
R ecorded?

Physical processes Individuals M anually V ia digital m ethods
Individuals Institutions A utom atically V ia analog m ethods
Institutions

A s individuals, w e generate data via our actions: w e spend, w e w alk, w e talk, w e brow se the
w eb, and so on. Each of these activities leaves a digital footprint that can be stored and later
analyzed. W e have lim ited action capital, w hich m eans that the num ber of actions w e can
perform  each day is lim ited. H ence, the am ount of data w e can generate individually is also
lim ited by this. Institutions also have lim ited action capital: m ergers and acquisitions,
corporate reports, and the like. Sensors also have lim ited data generation capacity given by
the frequency, bandw idth, and other physical lim itations underpinning their structure.
H ow ever, data can also be artificially generated by com puters that aggregate, interpolate, and
extrapolate data from  the previous data sources. They can transform  and derive the data as
already m entioned above. Therefore, for practical purposes w e can say that the am ount of
data is unlim ited. O ne such exam ple of data generated by a com puter is that of an electronic
m arket m aker, w hich continually trades w ith the m arket and publishes quotes, creating a
digital footprint of its trading activity.

H ow  to navigate this infinite universe of data and how  to select w hich datasets w e believe
m ight contain som ething valuable for us is alm ost an art. Practically speaking, w e are lim ited
by tim e and budget constraints. H ence, venturing into inspecting m any data sources, w ithout
som e process of prescreening, can be risky and is also not cost effective. A fter all, even



―free‖ datasets have a cost associated w ith them , nam ely the tim e and effort spent to analyze
them . W e w ill discuss how  to approach this problem  of finding datasets later and how  a new
profession is em erging to tackle this task ‌ the data scout and data strategist.

D ata can be collected by firm s and then resold to other parties in a raw  form at. This m eans
that no or m inim al data preprocessing is perform ed. D ata can be then processed by cleansing
it, running it through quality control checks, and m aybe enriching it through other sources.
Processed data can then be transform ed into signals to be consum ed by investm ent
professionals.7 W hen data vendors do this processing, they can do it for m ultiple clients,
hence reducing the cost overall.

These signals could be, for exam ple, a factor that is predictive of the return of an asset class
or a com pany, or an early w arning indicator for an extrem e event. A  subsequent
transform ation could then be perform ed to convert a signal, or a series of signals, into a
strategy encom passing several tim e steps based, for instance, on determ ining portfolio
w eights at each tim e step over an investm ent horizon. These four stages are illustrated in
Figure 1.1.

FIG U R E  1.1 The four stages of data transform ation: from  raw  data to a strategy.

1.4 THE M ANY VS O F BIG  DATA
The alternative data universe is part of the bigger discourse on B ig D ata.8 B ig D ata, and
hence alternative data, in general, has been characterized by 3 V s, w hich have em erged as a
com m on fram ew ork to describe it, nam ely:

1. Volum e (increasing) refers to the am ount of generated data. For exam ple, the actions of
individuals on the w eb (brow sing, blogging, uploading pictures, etc.) or via financial
transactions are tracked m ore frequently. These actions are aggregated into m any
billions of records globally.9 This w as not the case before the rise of the w eb.
Furtherm ore, com puter algorithm s are used to further process, aggregate, and, hence,



m ultiply the am ount of data generated. Traditional databases can no longer cope w ith
storing and analyzing these datasets. Instead, distributed system s are now  preferred for
these purposes.

2. Variety (increasing) refers to both the diversity of data sources and the form s of data
com ing from  those sources. The latter can be structured in different w ays (e.g. C SV,
X M L, JSO N , database tables etc.), sem i-structured, and also unstructured. The
increasing variety is due to the fact that the set of activities and physical variables that
can be tracked is increasing, alongside the greater penetration of devices and sensors
that can collect data. Trying to understand different form s of data can com e w ith
analytical challenges. These challenges can relate to structuring these datasets and also
how  to extract features from  them .

3. Velocity (increasing) refers to the speed w ith w hich data are being generated,
transm itted, and refreshed. In fact, the tim e to get hold of a piece of data has decreased
as com puting pow er and connectivity have increased.

In substance, the 3 V s signal that the technological and analytical challenges to ingest,
cleanse, transform , and incorporate data in processes are increasing. For exam ple, a
com m on analytical challenge is tracking inform ation about one specific com pany in
m any datasets. If w e w ant to leverage inform ation from  all the datasets at hand, w e m ust
join them  by the identifier of that com pany. A  hurdle to this can be the fact that the
com pany appears w ith different nam es or tickers in the different datasets. This is
because a certain com pany can have hundreds of subsidiaries in different jurisdictions,
different spellings w ith suffixes like ―ltd.‖ om itted, and so on. The com plexity of this
problem  explodes exponentially as w e add m ore and m ore datasets. W e w ill discuss the
challenges behind this later in a section specifically dedicated to record linkage and
entity m apping (see C hapter 3).

These 3 V s are m ore related to technical issues, rather than business specific issues.
R ecently 4 further V s have been defined, nam ely Variability, Veracity, Validity, and
Value, w hich are focused m ore on the usage of B ig D ata.

4. Variability (increasing) refers both to the regularity and quality inconsistency (e.g.
anom alies) of the data stream s. A s w e explained above, the diversity of the data sources
and the speed at w hich data originates from  them  has increased. In this sense, the
regularity aspect of Variability is a consequence of both Variety and Velocity.

5. Veracity (decreasing) refers to the confidence or trust in the data source. In fact, w ith
the m ultiplication of data sources it has becom e increasingly difficult to assess the
reliability of the data originating from  them . W hile one can be pretty confident of the
data, say, from  a national bureau of statistics such as the B ureau of Labor Statistics in
the U nited States, a greater leap of faith is needed for sm aller and unknow n data
providers. This refers both to w hether data is truthful and the quality of the
transform ations the provider has perform ed on the data, such as cleansing, filling
m issing values, and so on.



6. Validity (decreasing) refers to how  accurate and correct the data is for its intended use.
For exam ple, data m ight be invalid because of purely physical lim itations. These
lim itations m ight reduce accuracy and also result in m issing observations; for exam ple,
a G PS signal can deteriorate on narrow  streets in betw een buildings (in this case
overlaying them  onto a roadm ap can be a good solution to rectify incorrect positioning
inform ation).

7. Value (increasing) refers to the business im pact of data. This is the ultim ate m otivation
for venturing into data analysis. In general, the belief is that overall Value is increasing
but this does not m ean that all data has value for a business. This m ust be proven case
by case, w hich is the purpose of this book.

W e have encountered other V s, such as V ulnerability, Volatility, and V isualization. W e w ill
not debate them  here because w e believe they are a m arginal addition to the 7 V s w e have
just discussed.

In closing, w e note that parts of the alternative data universe are not characterized by all these
V s if looked upon in isolation. For instance, they m ight com e in sm aller sam ple sizes or be
generated at a low er frequency, in other w ords ―sm all data.‖ For exam ple, expert surveys can
be quite irregular and be based on a sm all sam ple of respondents, typically around 1000. The
7 V s should, therefore, be interpreted as a general characterization of data now adays. H ence,
they paint a broad picture of the data universe, although som e alternative datasets can still
exhibit properties that are m ore typical of the pre‌B ig D ata age.

1.5 W HY ALTERNATIVE DATA?
N ow  that w e have defined w hat alternative data is, it is tim e to ask the question of w hy
investm ent professionals and risk m anagers should be concerned w ith it. A ccording to a
recent report from  D eloitte (see M ok, 2017):

―Those firm s that do not update their investm ent processes w ithin that tim e fram e [over
the next five years] could face strategic risks and m ight very w ell be outm anoeuvred by
com petitors that effectively incorporate alternative data into their securities valuation and
trading signal processes.‖

There is a general belief today in the financial industry, as w itnessed by the quote above, that
gaining access and m ining alternative datasets in a tim ely m anner can provide investors w ith
insights that can be quickly m onetized (a tim e fram e in the order of m onths, rather than
years) or can be used to flag potential risks. The insights can be of tw o types: either
anticipatory or com plem entary to already available inform ation. H ence, inform ation
advantage is the prim ary reason for using alternative data.

W ith regards to the first type, for exam ple, alternative data can be used to generate insights
that are a substitute for other types of m ore ―m ainstream ‖ m acroeconom ic data. These
―m ainstream ‖ insights m ay not be available on a prom pt basis and at a sufficiently high
frequency. H ow ever, they are nevertheless deem ed to be im portant factors in portfolio



perform ance. Investors w ant to anticipate these m acro data points and rebalance their
portfolios in the light of early insights. For exam ple, G D P figures, w hich are the m ain
indicator for econom ic activity, are released quarterly. This is because com piling the num bers
that com pose it is a labor-intensive and m eticulous process, w hich takes som e tim e.
Furtherm ore, revisions of these num bers can be frequent. N evertheless, know ing in advance
w hat the next G D P figure w ill be can provide an edge, especially if done before other m arket
participants. C entral banks, for exam ple, closely w atch inflation and econom ic activity (i.e.
G D P) as an input to the decision on the next rate m ove. FX  and bond traders try in their turn
to anticipate the m ove of the central banks and m ake a profitable trade. Furtherm ore, on an
intraday basis, traders w ith good forecasts for official data can trade the short-term  reaction
of the m arket to any data surprise.

W hat can be a proxy for G D P, w hich is released at a higher frequency than quarterly?
Purchasing M anagers Indexes (PM I) that are released m onthly could be one possibility.10

They are based on surveys for sectors including m anufacturing or service.11 The survey is
based on questionnaire responses from  panels of senior purchasing executives (or sim ilar)
w orking in a sam ple of com panies deem ed to be representative of the w ider universe.
Q uestions could be, for instance, ―Is your com pany's output higher, the sam e, or low er than
one m onth ago?‖ or ―W hat is the business perspective over a 6-m onth horizon?‖

The inform ation of the various com ponents m entioned earlier is aggregated into the PM I
indicator, w hich is interpreted based on its relative position to the value 50. A ny value higher
than the 50 level is considered to show  expanding conditions w hile a value below  the 50
m ark potentially signals a recession.

The correlation betw een R eal G D P grow th rate and PM I is show n in Figure 1.2 for the U S
and Figure 1.3 for C hina. W e can see that indeed an index like this, albeit not 100%
correlated to G D P, is a good approxim ation to it. O ne explanation is the relative differences
in w hat the m easures represent. G D P m easures econom ic output that has already happened.
H ence, it is defined as hard data. B y contrast, PM Is tend to be m ore forw ard-looking, given
the nature of the survey questions asked. W e define such forw ard-looking, survey-based
releases as soft data. W e should note that it can be the case that soft data is not alw ays
perfectly confirm ed by subsequent hard data, even if they are generally correlated.



FIG U R E  1.2 U S G D P grow th rate versus PM I; correlation 68% ; tim e period: Q 1 2005‌Q 1
2016.

N ote. The dots indicate quarterly values.
Source: B ased on data from  PM I: ISM  and H aver A nalytics. G D P: B ureau of Econom ic A nalysis and H aver A nalytics.



FIG U R E  1.3 C hina G D P grow th rate versus PM I; correlation 69% ; tim e period: Q 1 2005‌
Q 3 2019.

Source: PM I: C hina Federation of Logistics and Purchases and H aver A nalytics. G D P: N ational B ureau of Statistics of
C hina and H aver A nalytics.

The PM I indicators are considered alternative data, in particular w hen w e consider looking at
them  in a m uch m ore granular form . W e w ill exam ine them  m ore in detail in C hapter 12.

A n alternative data source can be also used to anticipate the perform ance of a com pany, not
only to forecast/now cast the broader m acroeconom ic environm ent. Value investing, for
exam ple, is rooted in the idea that share prices should reflect com pany fundam entals in the
long-term  (w hich are also reflective of the m acro environm ent), so the best predictors are the



current fundam entals of a firm . H ow ever, m aybe w e can do even better if w e knew  (or could
forecast) the current fundam entals in advance of the m arket? W e w ill test this hypothesis
later. A n exam ple of alternative data in this context is the aggregated, anonym ized transaction
data of m illions of consum ers' retail transactions that can be m apped to the shopping m alls
sales num bers w here these purchases happened. The perform ance and hence the
fundam entals of a m all can thus be forecasted relatively accurately long before the official
incom e statem ent is released.

A lternative data can also be used as a com plem ent, not just a replacem ent or substitute for
other data sources as w e have already m entioned. Thus, investors w ill be look at it for signals
that are uncorrelated (or w eakly correlated) to existing ones. For exam ple, apart from
com pany fundam entals disclosed in the financial statem ents, a good predictor for the future
perform ance of an industrial firm  could be exam ining the capacity and utilization of plants
they operate or the consum er loyalty to the brand. A lternatively, w e could collect data about
their greenhouse gas em issions. Som e of this inform ation could be absent in balance a sheet
but could be an indicator of the long-term  perform ance of the com pany.

In Figure 1.4 w e show  som e exam ples of alternative data usage by different m arket players.

O nline price = inflation A pp + credit card =
perform ance

Social + search = earnings

G lobal FSI firm  em ploys
tech to track prices of 5
m illion products online to
understand price shocks
and m onitor shift inflation
across 70 countries (1)

H edge fund looks at
com bination of alt data
including credit card
transactions, geo-location
and app dow nloads to
analyze burger chain
perform ance (2)

90 bn U SD  A U M  global asset
m anager m ines search engine data
com bined w ith social m edia data to
predict results of corporate events
like quarterly earnings (3)

M obile foot traffic =
econom y

Satellite + ships =
m ispriced security

W eb + Tw itter = m arket m oving
event

H edge funds using
location data pulled from
m obile devices to predict
outlook on econom y and
R EIT values (4)

H edge funds using satellite
intelligence on ships and
tank levels to identify
upcom ing im pact to oil
producers and com m odity
prices (5)

D ata provider using 300m  w ebsites,
150m  Tw itter feeds in com bination
w ith FactSet reports to m easure rise
up m edia food chain (e.g. blogs to
new sw ire) to highlight potentially
m arket-m oving events (6)

FIG U R E  1.4 Exam ples of alternative data usage by different m arket players.
Source: B ased on data from  (1) ―Innovative A sset M anagers,‖ Eagle A lpha; (2) ―Foursquare W ants to B e the N ielsen of
M easuring the R eal W orld,‖ R esearch B riefs, C B Insights, June 8, 2016; (3) Sim one Foxm an and Taylor H all, ―A cadian
to U se M icrosoft's B ig D ata Technology to H elp M ake B ets,‖ B loom berg, M arch 7, 2017; (4) R ob M atheson,
―M easuring the Econom y w ith Location D ata,‖ M IT N ew s, M arch 27, 2018; (5) Fred R . B leakley, ―C argoM etrics C racks
the C ode on Shipping D ata,‖ Institutional Investor, February 4, 2016; (6) A ccern w ebsite.



1.6 W HO  IS USING  ALTERNATIVE DATA?
A fter a sem inal paper in 2010 (see B ollen et al., 2011), the topic of alternative data started
getting traction both in academ ia and in the hedge fund industry. The paper show ed an
accuracy of 87.6%  in predicting the daily up and dow n changes in the closing values of the
D ow  Jones index w hen using Tw itter m ood data. This provided the spark for alternative data
and, since then, quantitative hedge funds have been at the forefront of the usage of and
investm ent in this space. H ow ever, at the beginning, only big banks and larger hedge funds
could afford access to sentim ent data as the annual cost of access, for instance, to the full
Tw itter stream  w as priced at around $1.5 m illion.12 It should be noted that it is likely that
som e very sophisticated quants funds w ere using alternative data for a long tim e, w ell before
the term  alternative data cam e into vogue. Zuckerm an (2019) discusses how  a very
sophisticated quant firm , R enaissance Technologies, had been using unusual form s of data
for m any years.

A t tim e of press, several asset m anagem ent firm s are setting up data science team s to
experim ent w ith the alternative data w orld. To the know ledge of the authors, m any attem pts
have been unsuccessful so far. This can be due to m any reasons and som e of them  are not
linked to the presence or absence of signals in the dataset they have acquired but to setting
the right processes in place. A s a cautious first step, m any are using it as a confirm ation of
the inform ation com ing from  m ore traditional data sources.

Fortado, W igglesw orth, and Scannell (2017) talk about m any of the price and logistics
barriers faced by hedge funds w hen using alternative data. Som e of these are fairly obvious,
such as the cost associated w ith alternative data. There are also often internal barriers, related
to procurem ent, w hich can slow  dow n the purchase of datasets. It also requires m anagem ent
buy-in to provide budget, not only for purchasing of alternative data, but also to hire
sufficiently experienced data scientists to extract value from  the data. In fact, there is
evidence that only a sm all part of it is being currently analyzed, 1%  (see M cK insey, 2016).

The underusage of data could happen for a variety of reasons, as m entioned in the previous
paragraph. A nother reason could be coverage. System atic funds, for exam ple, try to diversify
their portfolios by investing in m any assets. W hile m achine readable new s tends to have an
extensive coverage of all the assets, other datasets like satellite im ages m ay only be available
for a sm all subset of assets. H ence, in m any instances, strategies derived from  satellite
im ages could be seen as too niche to be im plem ented and they are thus defined as low
capacity. Larger firm s w ith substantial am ounts of assets under m anagem ent typically need to
deploy capital to strategies that have large capacity, even if the risk-adjusted returns m ight be
sm aller com pared to low -capacity strategies. W e give a m ore detailed definition of w hat
capacity is in the context of a trading strategy later in this chapter.



FIG U R E  1.5 A lternative data adoption curve: investm ent m anagem ent constituents by
phase.

The decision of w hether to buy a dataset is often based on a perform ance m easure such as
backtests. A  quandary w ith alternative data is that, as w e have m entioned, it tends to be
characterized by a shorter history. In order to have an effective backtest, a longer history is
preferred. A  buy side firm  could of course sim ply w ait for m ore history to becom e available.
H ow ever, this can result in a decay in the value of the data due to overcrow ding. W e tackle
the problem  of valuing alternative data in C hapter 2.

A ll these considerations point to the fact that ‌ as w ith every innovation ‌ only a few  bold
players have taken risks of starting to use alternative data, but further along the w ay, other
firm s m ight also get involved (e.g. less sophisticated asset m anagers). W e illustrate a
snapshot of our thinking in Figure 1.5.

W e expect, of course, as technological and talent barriers decrease and the aw areness of the
m arket to alternative data increases, every investor to m ake use of at least a few  alternative
data signals in the next decade.

1.7 CAPACITY O F A STRATEG Y AND ALTERNATIVE
DATA
W hat do w e m ean w hen w e talk about the capacity of a strategy? Essentially, w e are referring
to the am ount of capital that can be allocated to it, w ithout the perform ance of a strategy
being degraded significantly. In other w ords, w e w ant to m ake sure that the returns of our
strategy are sufficiently large to offset the transaction costs of executing it in the m arket and
the crow ding out of the signal by other m arket participants, w ho are also trading sim ilar
strategies.

Trying to understand w hether other m arket participants are trading sim ilar strategies is



challenging. O ne w ay to do it is to look at the correlation of the strategy returns against fund
returns, although this is only likely to be of use for strategies that dom inate a fund's A U M .
W e can also try to look at positioning and flow  data collected from  across the m arket. W hen
it com es to transaction costs, at least for m ore liquid m arkets, the problem  is som ew hat easier
to m easure.

W hen w e refer to transaction costs, w e include not only the spread betw een w here w e
execute and the prevailing m arket m id-price, but also the m arket im pact, nam ely how  m uch
the price m oves during our execution. Typically, for large orders w e need to split up the risks
and execute them  over a longer period, during w hich tim e the price could drift against us. A s
w e w ould expect, the transaction costs, w hich w e incur, increase as w e trade larger order
sizes. H ow ever, this relationship is not linear. In practice, for exam ple, doubling the size of
the notional that w e trade is likely to increase our transaction costs m uch m ore than a factor
of 2. It has been show n w ith em pirical trading data across m any different m arkets, ranging
from  equities and options to cryptocurrencies, that there is a square root relationship betw een
the size of our orders and the m arket im pact (see Lehalle, 2019). The transaction costs are
contingent on a num ber of factors as w ell as the size of the order, such as the volatility of
underlying m arket, the traded volum e in that asset, and so on. If the asset w e are trading has
very high volatility and low  traded volum e, w e w ould expect the m arket im pact to be very
high.

Let us take for exam ple a trading strategy that trades on a relatively high frequency, w here on
average w e can m ake 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 w ould becom e
loss m aking. B y contrast, if a trading strategy has high capacity, then w e can allocate large
am ounts of capital to it, w ithout our returns being degraded significantly by increased
transaction costs. Say, for exam ple, w e are seeking to m ake 20‌30 basis points per trade. If
w e are trading relatively liquid assets such as EU R /U SD , w e could trade larger sizes and the
transaction costs w ould be w ell below  our target P& L per trade. H ence, w e could
conceivably allocate a m uch larger am ount of capital to such a strategy. N ote that, if w e are
trading a very illiquid asset, w here typically transaction costs are m uch higher, then such a
strategy could be rendered as low  capacity.

O ne sim ple w ay to understand the capacity of a strategy is to look at the ratio of returns to
transaction costs. If this ratio is very high, it w ould im ply that you can allocate a large
am ount of capital to that strategy. B y contrast, if that ratio is very low , then it is likely that the
strategy is m uch low er capacity, and w e cannot trade very large notional sizes w ith it.

It is too labor intensive to deploy large am ounts of capital only to niche strategies because it
w ould require a significant am ount of research to create and im plem ent m any of them .
D ifferent types of strategies can require very different skillsets as w ell. For m ore
fundam entally focused firm s, having a dataset that is only available for a sm aller subset of
firm s is less of an im pedim ent. Typically, they w ill drill dow n into greater detail to
investigate a narrow er universe of assets. H ence, for sm aller trading firm s, niche strategies
m ight be m ore attractive, as they are less im pacted by capacity considerations. In other



w ords, they are typically trading sm aller notional sizes in the m arkets, given that they have
less A U M , w hich are less im pacted by transaction costs. H ence, they are able to run
strategies that trade m ore often, such as high-frequency trading strategies, or those w ith m ore
illiquid assets.

B elow  w e sum m arize som e of the properties that are typical of high-capacity strategies:

R eturns are less sensitive to increased transaction costs.

H igher am ounts of capital can be allocated w ithout negatively im pacting returns.

C an be traded on a w ide variety of tickers.

Low er frequency.

Low er Sharpe ratio.

H ere w e do the sam e for low -capacity strategies:

R eturns are sensitive to transaction costs.

H igher am ounts of capital w ill render the strategy loss m aking.

R estricted to a sm all num ber of tickers.

H igher frequency.

H igher Sharpe ratio.

In Figure 1.6, w e illustrate how  transaction costs can im pact a trading strategy. W e show  the
risk-adjusted returns of C uem acro's C TA  (com m odity trading advisor) strategy, dependent on
different assum ptions for transaction costs for a period betw een 2000 and 2019. These
strategies are often know n as C TA -type strategies, because originally firm s trading them
predom inantly traded com m odities. H ow ever, these days they trade these strategies across
liquid futures in a num ber of different asset classes, including FX , fixed incom e, equity
indices, and com m odities. The C TA  strategy involves trend follow ing and typically also
involves som e sort of risk allocation based on vol targeting and positions are often leveraged.

C uem acro's C TA  strategy is designed to be proxy for the returns of a typical C TA . W e note
that increasing the transaction costs from  0 bp to 2.5 bp decreases the inform ation ratio from
around 0.7 to 0.6, w hich is a relatively sm all difference. This perhaps isn't surprising given
the strategy trades relatively infrequently, and relies upon identifying longer term  trends.
H ence, the returns per trade are typically quite large com pared to the transaction costs. The
various properties of the strategy suggest that w e could label it as a higher-capacity strategy.
Increasing the transaction costs for a low -capacity strategy w ould have a negative im pact on
both the inform ation ratio and annualized returns.



FIG U R E  1.6 Im pact of transaction costs on the inform ation ratio of C uem acro's C TA
strategy.

Source: B ased on data from  C uem acro.

W hy is this concept of strategy capacity im portant in the context of alternative data? O nce w e
know  the approxim ate am ount of capital w e can deploy to a strategy, it enables us to
understand the dollar value w e can m ake, as opposed to purely the percentage returns. This in
turn helps us w hen evaluating how  m uch value to associate w ith a certain alternative dataset,
if w e are using it to generate trading signals. Let's say an alternative dataset enables us to
develop a trading strategy that has returns of 25% . H ow ever, the capacity of the strategy is
very lim ited. H ence, w e can only allocate at m ost 1 m illion U SD  to it, w ithout transaction
costs significantly im pacting our returns. A nother dataset enables us to generate returns of
5% , but the capacity of the strategy is significantly m ore (say 1 billion U SD ), because it can
be deployed on m any assets. If w e have lots of capital available for deploym ent, then the
second dataset generates m ore value in dollar term s. H ence, w e w ould likely be w illing to
pay m ore for the second dataset. B y contrast if w e have very lim ited capital available, it is
unlikely w e w ould be w illing to pay as m uch for the second dataset, as w e w ould be unable
to use up m uch of the capacity of that strategy. A s discussed elsew here in the book, w e also
need to evaluate other costs associated w ith using the dataset too, such as the tim e taken to
incorporate it w ithin our investm ent process. In C hapter 2, w e discuss the value of alternative
data in m ore detail from  the perspective of both buyers and sellers.

1.8 ALTERNATIVE DATA DIM ENSIO NS
So far, w e have considered and analyzed in som e detail different aspects of alternative data
and its usage. Every tim e an investor ponders w hether to purchase a dataset, they m ust bear
in m ind all these aspects together, along w ith other im portant issues such as the business use
and technological lim itations. W e show  in this section a sum m ary of dim ensions along w hich
a potential data source should be projected in our view , ideally before it is purchased. O f



course, the m ost im portant thing in the end is the am ount of extracted alpha but before
venturing into alpha research som e prescreening should be carried out along the lines of these
dim ensions. A  list of them  follow s:

A sset C lass R elevance

Equity

C redit

R ates

C ash and cash equivalents

FX

C om m odity

Private m arkets

R eal estate

Infrastructure

C ryptocurrencies

A  m ixture thereof

C overage13 w ithin an asset class (score 1‌10) e.g.

Full ‌ 10

. . . . .

N one ‌ 1

B readth14 w ithin an asset class (score 1‌10) e.g.

Full ‌ 10

. . . . .

N one ‌ 1

D epth15 w ithin an asset class (score 1‌10) e.g.

Full ‌ 10

. . . . .

N one ‌ 1

Free data?

Yes, the raw  data only

Yes, the processed dataset



N o

H istory (score 1‌10) e.g.

Short ‌ 1

. . . . .

M edium  ‌ 5

. . . . .

Very long ‌10

D ata Frequency

Intra-daily

D aily

W eekly

M onthly

Q uarterly

Yearly

O ther

Publishing lag (score 1‌10) e.g.

R eal-tim e ‌ 10

. . . . .

Lagged ‌ 5

. . . . .

Substantially lagged ‌ 1

Level of Processing

R aw

Sem i-processed

Fully processed

Level of Structuring

U nstructured

Sem i-structured

Structured

R esearch C ost (score 1‌10)



R esearch can rely on existing processes and requires m inim al labor tim e ‌ 10

“

N eeds som e additional research w ork and com putation cost ‌ 5

“

H eavily labor intensive and has very heavy com putation costs ‌ 1

D ata Q uality

A m ount of m issing data (fraction % )

N um ber of outliers (fraction % )

D ata B ias

H as an extensive panel, w hich is unbiased ‌ 10

“

H as an extrem ely lim ited sam ple and a narrow  panel (e.g. individuals across lim ited
geographies, incom e groups etc.) ‌ 1

D ata Availability (score 1‌10) e.g.

Public dataset ‌ 10

“

W idely sold against a subscription fee ‌ 7

“

Exclusive ‌ 1

D ata O riginality (score 1‌10) e.g.

Sim ilar to m any other datasets in the m arket ‌ 1

“

U nique ‌ 10

Technology (score 1‌10) e.g.

Available through an A PI ‌ 10

“

C SV  files ‌ 1

Availability of trial

Yes, against a fee

Yes, free



N o

Legal (score 1‌10) e.g.

N o legal lim itations to use the data ‌ 10

“

Lim itations only in certain jurisdictions ‌5

“

Severe restrictions to use the data ‌ 1

Portfolio effects ‌ degree of orthogonality to other already purchased datasets (score 1‌10)

Investm ent style suitability

M acro

Sector specific

A sset specific

Tim e frequency of the investm ent strategy

Intraday

D aily

W eekly

M onthly

Q uarterly

Yearly

O ther

B uilding a scorecard by considering som e or all of these dim ensions is an option to decide
w hether to purchase a dataset. If the score is higher than a certain threshold, a dataset m ight
be considered further for acquisition. To som e extent data brokers and scouts can help to
outsource this type of scoring process. In m any cases, financial firm s w ill ask data firm s to
fill in questionnaires to answ er sim ilar questions to the above.

In building a scorecard, one m ust also consider rules that directly exclude (or include) a
dataset for further consideration, for exam ple, w hen there are severe legal restrictions w hen
using the dataset. In this case, a dataset can be blacklisted directly w ithout scoring it across
the other dim ensions.

1.9 W HO  ARE THE ALTERNATIVE DATA VENDO RS?
W e have noted that alternative data has proliferated over years, increasing its supply to the
m arket w ith this trend likely to accelerate over tim e. Indeed, statistics from  N eudata (2020)



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

The alternative vendors can range significantly in size and w hat they do. They can include
w ell-know n existing m arket data com panies such as B loom berg, w hich sell their ow n
alternative datasets, such as m achine readable new s (see C hapter 15), or IH S M arkit, w hich
sells alternative datasets related to crude oil shipping (see C hapter 14). A  lot of these firm s
are also creating their ow n data m arkets to offer data from  third-party alternative data
vendors. A t the other end of the spectrum , m any alternative data vendors can be start-ups.
Large corporates, not traditionally associated w ith this space, can also be alternative data
vendors. They can sell their datasets derived from  their exhaust directly to data users. These
firm s include M asterC ard, w hich sells its consum er transaction data (see C hapter 17). In
practice, m any corporates w ho w ish to m onetize their ow n exhaust data often w ork w ith an
alternative data vendor or a consultancy to help them . These vendors can use their expertise
in alternative data processing to m onetize these datasets, w hich include structuring the data,
creation of data products, m arketing and selling the data to users, and so on.

FIG U R E  1.7 A lternative datasets released com m ercially per year.
Source: B ased on data from  N eudata.



FIG U R E  1.8 B rands m ost associated w ith alternative data.
Source: B ased on data from  G reenw ich A ssociates.

H aving an internal exhaust source requires a firm  to engage in a large am ount of business
tangential to selling data. A s a result, m any alternative data vendors source their raw  data
from  m any different external sources, rather than being able to exclusively use their ow n
exhaust data.

In term s of the brands m ost associated w ith alternative data, w e present a recent survey of
m arket participants from  (G reenw ich A ssociates, 2018) in Figure 1.8 based on 36 total
respondents. The poll is topped by Q uandl, w hich is an aggregator and m arketplace of
alternative datasets. It is follow ed by O rbital Insight, w hich sells its ow n datasets related to
satellite im agery. N eudata is an alternative data scouting firm  (see C hapter 5). Thinknum
creates datasets based upon w eb data.

A s w e can see the m ost recognized alternative data vendors differ significantly in term s of
w hat they do and also in w hat the focus of their business is. W e, of course, acknow ledge that
the sam ple is relatively sm all, and given the fast-m oving nature of the alternative data
landscape it is likely that these nam es m ay have changed recently. Indeed, since publication a
num ber of entrants have entered this space, such as B loom berg, w hich has launched its
platform  for distributing alternative data.

In Section 5.4 w e w ill delve m ore into the details of how  data vendors distribute their data
offerings.

1.10 USAG E O F ALTERNATIVE DATASETS O N THE BUY
SIDE
W hile the supply of alternative data has increased, has the capacity for buy-side firm s to



digest this data also increased? W e m entioned in Section 1.5 that the usage of alternative data
is overall still lim ited due to a variety of reasons but w hat is the trend in this space?

FIG U R E  1.9 Total spend on alternative data by buy side.
Source: B ased on data from  alternativedata.org.

FIG U R E  1.10 ―A lternative datasets‖ derived from  w eb scraping: m ost popular at funds at
present.

Source: B ased on data from  alternativedata.org.

A  survey from  alternativedata.org (2019) show s that the num ber of full-tim e alternative data
em ployees w orking in funds topped 1000 in 2017, and it is likely that this num ber has
increased significantly by the tim e of print. Typically, these em ployees have m ore than a
decade of experience, often from  areas outside of asset m anagem ent such as technology,
academ ia, and w orking at data providers them selves. This increase in the capability of funds
to process alternative datasets has perhaps unsurprisingly been accom panied by an increase
in spending on the actual alternative datasets them selves. It is forecasted that spending by



buy-side firm s on alternative data is likely to increase to close to 2 billion U SD  for 2020 (see
Figure 1.9). This com pares w ith 232 m illion U SD  in 2016. W e w ould expect continuing
grow th in alternative data spending by the buy side in the com ing decade.

W e noted that one of the m ain differentiating properties of alternative datasets is that they are
not purely derived from  financial m arkets. The usage of alternative datasets by funds varies
significantly by type. D atasets derived from  w eb scraping are m ost popular at present at
funds (see Figure 1.10), closely follow ed by credit/debit card datasets. B y contrast, those
datasets from  satellite im agery, geolocation, and em ail receipts are less popular, using the
data available at the tim e of print.

1.11 CO NCLUSIO N
W e have briefly introduced w hat alternative data is and w hat som e of the challenges in using
it are. In doing so w e have only scratched the surface of a big and com plex w orld. In the next
chapters w e w ill dig m ore into the details of this w orld that underpin practical applications.
W e w ill thus reexam ine m any of the concepts and topics introduced here. Later, in the second
part of this book w e w ill explore real-w orld case studies so that the reader can becom e
further fam iliar w ith the concepts discussed in this chapter and also in the next few .

NO TES
1   A  lot of applications of alternative data are being found today in insurance and credit

m arkets (see e.g. Turner, 2008; Turner, 2011; Financial Tim es, 2017). W e w ill not
explicitly treat them  here, although the alternative data generalities w e w ill exam ine are
also applicable to those cases.

2   In fact, m ost of the M L/A I textbooks start w ith these sim ple techniques.

3   There is no precise date of w hen this revolution started, and certainly this has not been an
instantaneous event. In Thank You for Being Late: An O ptim ist's G uide to Thriving in the
Age of Accelerations, Thom as Friedm an puts the starting year as 2007 because this is the
year w hen m ajor developm ent in com putational pow er, softw are, sensors, and
connectivity happened. The term  ―B ig D ata‖ has been around since the 1990s and the
father of the term  is John M ashey, w ho w as the chief scientist at Silicon G raphics at the
tim e.

4   H ere w e draw  inspiration from  the U nited N ations classification (see U nited N ations,
2015), although, in this text, w e m ake the distinction betw een generators and collectors.

5   B y ―institutions‖ w e m ean associations of individuals such as corporations, public entities,
or governm ents.

6   This consideration m ight be im portant if w e w ant to enrich short tim e series w ith previous
and old recordings (e.g. tem perature or river levels tim e series going as far back as the



19th century), or loss on loans in banks in the 1990s for loss-given-default (LG D )
m odeling.

7   There are potentially different degrees of the data being processed. In this sense, data can
be also sem i-processed. W e w ill not use this fine distinction here, but this is som ething to
bear in m ind.

8   D efining the ―B ig‖ in ―B ig D ata‖ is subjective and its low er bound is revised upw ards
continuously.

9   The O EC D  estim ates that in 2015, the global volum e of data stood at 8 zettabytes (8
trillion gigabytes), an eight-fold increase com pared to 2010. B y 2020, that volum e is
forecast to increase up to 40 tim es over, as technologies including the Internet of Things
create vast new  datasets. See O EC D , ―D ata-driven Innovation: B ig D ata for G row th and
W ell-being,‖ O EC D  Publishing: 2015, page 20.

10 A nother one could be m easuring levels of pollution as a proxy for econom ic activity.

11 The three principal producers of PM Is are the Institute for Supply M anagem ent (ISM ), the
Singapore Institute of Purchasing and M aterials M anagem ent (SIPM M ), and IH S M arkit.

12 O pim as expects (see M arenzi, 2017) that ―alternative data w ill contribute significantly to
a further shrinkage in the hedge fund population, as firm s unable to exploit the
inform ation needed to com pete effectively in the new  w orld of intelligent investing w ill
fall behind.‖

13 C overage: how  m any instrum ents (e.g. stocks) are covered in the dataset, and also across
w hich sectors, geographies, etc.

14 B readth: how  m any features can be generated by instrum ent (e.g. stock) in a dataset.

15 D epth: how  granular are the features generated by instrum ent (e.g. stock) in a dataset. For
exam ple, do w e have inform ation about the w hole supply chain and assets of a
m anufacturing stock?



CHAPTER 2
The Value of Alternative Data

2.1 INTRO DUCTIO N
O ne key question in the discussion about alternative data is how  to assign value to it. This
needs to be addressed from  the perspectives of both data consum ers and data producers. D ata
is only valuable from  the perspective of a data consum er if it can be m onetized, directly or
indirectly. From  the view point of a data vendor, the cost of creating and distributing the
dataset needs to be recouped w hen selling it. The data vendor w ould of course also w ant to
add m argin on it, w hen selling it.

In this chapter, w e discuss this topic in som e detail and show  som e directions to help value
alternative data. W e note that at the m om ent of w riting there is still no solution to the
problem  of how  to find the ―right‖ price to assign to a dataset. The developm ent of
m arketplaces w here m arket participants can converge to one price is still at its infancy and,
given the nature of w hat data is, m any challenges still rem ain open, as w e w ill shortly
discuss. W e w ill also show  that having a standardized m arketplace m ight not be the
econom ically optim al solution for a data vendor.

2.2 THE DECAY O F INVESTM ENT VALUE
D ata, alternative or not, is ultim ately used in investing and risk m anagem ent to m ake
predictions. In the investm ent space, if all or m ost of the m arket participants m ake the sam e
prediction based on the sam e inform ation, they can trade on it and opportunities could
quickly disappear. The Efficient M arket H ypothesis (EM H ) in its sem i-strong form  reflects
this point of view  by asserting that public inform ation is incorporated (alm ost) im m ediately
in the prices of financial assets and hence any hope to outperform  the m arket in the long-term
based on that inform ation is in vain. A  direct result of this, if true, is that superior risk-
adjusted returns are only available through insider inform ation (or an exclusive or restricted
access to a dataset in the sense of this book). W e w ill not debate the validity of this
hypothesis1 but w hat everybody w ould agree on is that if a piece of inform ation has been
available publicly for a w hile, then it has m ost probably lost a lot of its investm ent value.2 In
this sense data is a perishable asset. This could be a problem  for data providers w hose
datasets then face the danger of quick obsolescence. In fact, in our experience, som e of the
alternative datasets that em erged first are now  decreasing in their ability to generate alpha
(e.g. new s sentim ent and earning calls transcripts for stocks).

A ll this reasoning m ight lead us to the conclusion that data, alternative or not, could be of
little value unless exploited alm ost im m ediately after its release, and gains over the m arket
can only be m ade by having a speed edge. H ow ever, there are som e counterargum ents to this.



First, the variety and the m ultitude of data could m ake the decay of a signal less rapid. N ew
data sources continuously appear. H ence, it becom es less probable that a large num ber of the
m arket participants have access to all of them  and have incorporated a given dataset into their
processes once it is available, let alone the case that they have com bined w ith exactly the
sam e set of other data sources that other participants are using. There are m any m ore
alternative data sources than standardized financial m arket data and their types are m uch
m ore diverse. H ence, it is less probable that tw o different m arket players w ill discover
precisely the sam e datasets and gain access to them  at the sam e tim e. It is also less likely that
they w ill end up m ining these datasets and com bine them  w ith other signals gleaned from
other data sources. W e can argue that essentially there are m ore degrees of freedom  for the
data sources used in general, w ith the advent of alternative data.3

Second, if tw o investors m ine the sam e dataset, the techniques used to transform  the raw  data
into a signal can be quite different. This could lead to different results, unless there is a very
strong directional signal, in particular because they are likely to augm ent it w ith different
datasets. A  linear regression m odel, for instance, is not able to exploit nonlinear relationships
in the data that a deep learning m odel is naturally incorporating. The tw o could lead to quite
different predictions over the next investm ent 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 investm ent m andates, horizons, styles, and risk appetite that investors have. G iven
this, the num ber of relevant features that can be extracted from  a com bination of orthogonal
data sources is, therefore, further m ultiplied. For exam ple, investors interested in directional
trading w ill be looking at trends and features that can predict it. Volatility investors, on the
other hand, w ill search for signals that drive the price of an asset in both directions. Styles
like long-only, long-short, and so forth also determ ine w hat is relevant in the data and w hat is
not. Som etim es datasets can be relevant for m any different investm ent styles. W e can take the
exam ple of m achine-readable new s. Longer term  investors can aggregate the sentim ent from
m achine readable new s articles over a long period of tim e to inform  their trading. B y contrast
high-frequency traders w ill use m achine readable new s at a m uch m ore granular level, using
it to trigger very short-term  trades, and also for risk m anagem ent purposes, to identify w hen
an asset is suspended from  trading on an exchange.

Still the tim eliness of the prediction and speed of the subsequent action are also of essence to
m ake the m ost of a dataset. In fact, hedge funds have invested m illions in servers physically
located as close as possible to stock exchanges to gain a tim ing edge over their com petitors.
For latency-sensitive strategies, like high-frequency trading, this is very im portant. H ow ever,
it is not the only thing that m atters as w e have just explained. It is also im portant to m ake an
accurate prediction of at least the direction of the m arkets.

In sum m ary, getting access to the right data at the right tim e is advantageous for the
m onetization of a dataset in the likely short opportunity w indow  after it is released. M arket
players w ho are quick to discover valuable datasets w ill have an edge, before these datasets
becom e m ore com m oditized. H ow ever, w hether a dataset has a positive investm ent value w ill



also depend on other factors such as its price. W e w ill turn to exam ine the delicate issue of
pricing in the next sections.

W e note in closing that argum ents about decay of investm ent value can be tim e dependent. A
dataset could cease to provide signals only tem porarily if the econom y enters an irrelevant
period for the type of data it contains but could re-surface again in a future period. For
exam ple, a political new s stream  could bear alm ost no im pact on financial m arkets in
relatively calm  periods but in tim es of political turbulence (e.g. B rexit) it could be the m ost
im portant source of signals.

2.3 DATA M ARKETS
The current exchanges of data betw een buyers and sellers are largely ad-hoc, w ith data
trading perform ed through inform al partnerships or private agreem ents. In these
circum stances data pricing is often determ ined by the seller w ho does not provide visibility
into the cost of collection, treating, and packaging to the buyer (see H eckm an et al., 2015).
A ccording to H eckm an, this asym m etry of inform ation results in a lack of pricing
transparency, hurting both the seller and the buyer. The form er is unable to price optim ally in
the m arket, and the latter cannot strategically assess pricing options across data service
providers. A ccording to H eckm an (2015), a m ore structured data m arket w ith standardized
pricing m odels w ould im prove the transaction experience for all parties.

Indeed, recently w e have seen the rise of data m arketplaces,4 although w e are still far from
the adoption of standardized m odels. A  data m arketplace (also called D ata as a Service, or
D aaS) is essentially a platform  in w hich data sellers and data buyers connect to buy and sell
data from  each other. A  typical data m arket com prises three m ain roles: data sellers, data
buyers, and a data m arketplace ow ner. D ata sellers supply data to the data m arketplace and
set the corresponding prices. D ata buyers purchase the data that they need. The m arketplace
ow ner acts as the interm ediary betw een sellers and buyers and som etim es negotiates the
pricing m echanism  w ith those providers and m anages the data transactions. Typically, the
m arketplace ow ner w ill be com pensated by the data seller in the transaction.

From  a data user perspective, using a m arketplace can help to sim plify the process. U sually
the m arketplace w ill provide a com m on billing point and also access to data via com m on
A PIs, as w ell as m aking it easier to brow se available datasets from  m any vendors. A  data
user just needs to sign one set of contracts, rather than having to negotiate separate N D A s
and legal agreem ents w ith every data vendor before they engage. A s a result, the onboarding
process is likely to be quicker. Even for trials, data vendors are likely to be keen to have
N D A s, to protect their data. D ata users m ay also get other services from  the data
m arketplace, such as research on the datasets that are carried by that m arketplace or tools to
help analyze the data.

The num ber of data m arketplaces has been increasing w ith the grow th of big data, as the
am ount of data collected by institutions has increased and as data has becom e increasingly
recognized as an asset on its ow n. D ata m arketplaces are often integrated w ith cloud services.



Exam ples of data m arkets include Q uandl (now  ow ned by N asdaq), Eagle A lpha, Q lik D ata
M arketplace, D & B  D ata Exchange, B attleFin Ensem ble, and AW S Public D ataset. There are
also alternative data m arketplaces from  existing m arket data vendors. These include FactSet,
w hich operates the O pen:FactSet m arketplace. B loom berg also has a m arketplace for
alternative data w ith datasets from  a num ber of vendors like Predata. W ith B attleFin
Ensem ble platform , clients can evaluate datasets directly on the platform , using Python on
hosted Jupyter notebooks, and com bine w ith reference data from  R efinitiv.

Pricing m odels for data m arkets can be classified as follow s (see Yu &  Zhang, 2017;
M uschalle, 2012):

1. Free m odels w here data services can be used for free

2. Freem ium  m odels that com bine free services and value-added services (In this pricing
m odel, consum ers have lim ited access to data for free and pay for the prem ium
services.)

3. Packaging m odels, in w hich buyers purchase a certain am ount of data at a fixed price

4. Pay-per-use m odels w here buyers pay for data services based on their usage

5. Flat-fee m odels that involve data buyers paying a m onthly subscription fee in return for
unrestricted access to data services

6. Tw o-part-tariff m odels in w hich buyers pay a fixed basic fee that becom es supplem ented
by an additional fee w hen their usage exceeds som e predefined quota

A t the m om ent of w riting, there are still issues concerning the trustw orthiness (veracity) of
data sold via data m arkets (and privately) to be addressed. W hile external data like w eather
or m acroeconom ic data can be trusted and easily verified through m any sources, the sam e
does not apply to m any datasets available from  third-party vendors, w hich m ay be relatively
unique. Incorporating the latter into the decision-m aking process is m ore difficult because its
truthfulness and authenticity cannot be assessed (although using proxies could be one
approach, to corroborate datasets). This is w hy, in order to ensure trust in the m arketplace,
blockchain solutions, am ong others, are currently being proposed. The blockchain data is
im m utable, auditable, and com pletely traceable. There is still no clear solution for how  this
should w ork as there are hurdles inherent in how  the blockchain currently operates. Speed
and latency tim e are som e of the concerns. The am ount of data the blockchain can contain is
lim ited and this is another big issue. Solutions based on only m etadata being contained in the
blockchain and the big datasets residing in separate data stores have been proposed but are
still being experim ented w ith. C urrently there are exchanges running already on the
blockchain technology such as O cean Protocol and IO TA  Protocol that enable users to
connect to live sensors across the w orld and receive real-tim e stream ing data for a
subscription fee. W e believe that this is an area that is evolving and m ore w ill be seen on this
front once the blockchain technology has settled from  w hat is believed by m any to be hype.

In sum m ary, as of today, data com panies m ostly use m anual price discrim ination to sell their
data to their custom ers. B ased on the inform ation that can be gathered on the m arket, the data



is typically priced according to the relative purchasing pow er of each custom er. W e also
m entioned that the econom ics of inform ation is im perfect: it is often hard to gather m uch
inform ation on custom ers and, as a consequence, pricing m odels can be inefficient in their
task of m axim izing revenue. This revenue m anagem ent dilem m a continues to apply today to
different industries, w hich is w hy m any of these industries keep updating their pricing
m odels to m ake revenue collection m ore efficient and m axim ize profits (e.g., how  U ber
dynam ically adjusts prices based on a w ealth of inform ation in real tim e to m axim ize
revenue, through surge pricing). W e also m entioned that data m arkets com e w ith a desirable
set of functionalities but also offer a platform  w here a price of a dataset can be m ade uniform
across all custom ers. B ut is this really the w ay to m axim ize the revenue for a data vendor?
B efore answ ering this question, let's delve m ore into the details of data valuation.



2.4 THE M O NETARY VALUE O F DATA (PART I)
Purchasing data com es at a price that includes the acquisition cost plus a seller's m arkup.
Let's take for exam ple a system  to m onitor tem perature and hum idity over a large
geographical area, w hich could be used to estim ate crop yields. There w ould be an initial cost
for purchasing of tem perature and hum idity sensors. Then there w ould also be running costs
such as electricity for the sensors and m aintenance of the sensors, w hich could fail, especially
in harsh clim ates. There w ould also be storage costs for the data collected. There w ould also
be the costs of integration of the data into other system s and so on. There are essentially
acquisition costs. If the data is exhaust, this doesn't m ean the acquisition costs are zero, but it
w ould im ply that the business is already likely to be m onetizing this data elsew here. In our
exam ple, it could be that a farm er has set up this w eather m onitoring solution to help enhance
the yields off their ow n crops. H ow ever, even w ith exhaust data, there are likely to be
additional costs w e w ould need to include, such as m arketing, productionizing the data, legal
costs of drafting contracts, and the like. It m ight also be the case that w e could seek to
enhance the data w e are selling through the use of additional external datasets, w hich need to
be purchased and joined to the existing dataset.

The seller's m arkup w ill depend on the pricing approach of the seller, w hich could depend on
how  unique this dataset is, and, hence, w hether a m onopolistic price is chargeable, and how
m any other buyers it is distributed to. D ata could have quite a big range of price variation,
from  a couple of thousand (e.g. sentim ent analysis) to m illions of dollars (e.g. consum er
transaction data).

O n the other hand, the price a buyer w ould be w illing to pay w ill depend on their utility (i.e.
w hat is the value added for its business given the uncertainty of this estim ate, w hat are the
dow nside risks, etc.). H ence, the price of data is one of the com ponents that w ill determ ine
w hether a data source w ill add value to an investm ent or a hedging strategy. Som etim es this
value could be directly m easurable as alpha ‌ or excess returns over a benchm ark ‌ w hich
directly translates into m onetary term s. Som etim es, the value added is m ore difficult to
quantify, such as in the case of cost savings (operational alpha). O bviously, w hile the price
paid for a dataset is set in advance and fixed, the value derived from  alpha generation is not
know n w ith absolute certainty beforehand, even if som e tests are perform ed on a sam ple of
the data before acquiring it. W e should also, of course, note that the relative uniqueness of a
dataset does not in itself m ean that a dataset can be valuable for generating alpha.

B efore venturing further into pricing, let's step back and exam ine the value of data in m ore
general term s. The first question that w e w ant to address is: if a com pany ow ns data, how  can
it determ ine its value if it w ants to sim ply record it on its books? The answ er to this question
is difficult, because data is an intangible asset, like the value of a brand. It is not officially
recorded on balance sheets, so it does not have accounting value. This m ight appear a strange
fact considering that w e live in the inform ation age. For exam ple, in the afterm ath of 9/11,
m any com panies located in the Tw in Tow ers m ade claim s to be indem nified for the loss of
their inform ation assets, but those claim s w ere rejected by insurance com panies arguing that
inform ation is not a tangible property and hence does not have value. A t the tim e, extensive



cloud infrastructure to back up data did not exist.

H ow ever, recording the value of data on the balance sheet is in principle possible and can be
done indirectly, for exam ple, by calculating the cost of acquisition. This m ay include the
required capital expenditure to start recording the data (e.g. sensors) or the cost of buying it
from  a third party plus ―installation‖ costs like the integration in a database. R unning costs
like m aintaining the databases, the sensors, and the hum an processes behind this can be also
incorporated. B ut there m ust be m ore than that to determ ining the value of data. A  better
question to ponder here is w hat the business im pact of data is. The answ er lies w ithin
departm ents such as legal, m arketing, and the broader business. It can include different
valuation com ponents such as revenue potential, usage frequency, reputational, com pliance,
and legal risks. A ll these things can be very context specific. W e w ill explain a sim plified
version of the cost value approach shortly.

H ence, valuing data assets is som ething that could be (and should be!) done regardless of
w hether they are com m ercialized externally. Indeed, having an understanding of the value of
data w ithin an organization w ill m ean that it w ill becom e a better m aintained and m ore useful
resource. If data is undervalued w ithin an organization, it is less likely that tim e and effort
w ill be taken to store it or analyze it.

A n M IT Sloan report5 provides a suggestion on how  com panies should approach this task
logistically. First, it suggests this can be done by developing firm -w ide policies and, second,
by acquiring and developing valuation expertise. Last, it suggests evaluating w hether top-
dow n or bottom -up valuation processes are the m ost effective w ithin the com pany. In the top-
dow n approach to valuing data, com panies identify their critical applications and assign a
value to the data used in those applications. A  second approach is to define data value
heuristically. In effect, this involves w orking up from  a m ap of data usage across the core
datasets in the com pany. K ey steps in this approach include assessing data flow s and linkages
across data. From  these steps, one can then produce a detailed analysis of data usage patterns.
W e refer to Short and Todd (2017) for m ore details on this topic.

K now ing the internal value of data assets is good but a trickier question to answ er is how  to
determ ine the right price if a com pany w ants to m onetize this data externally. For exam ple,
M icrosoft acquired LinkedIn for $26B  back in 2016. The platform  had at the tim e around
400M  registered users, of w hom  approxim ately 100M  w ere active. This translates into a
$260 acquisition cost per active user. The announcem ent of the acquisition attracted the
attention of the rating agencies and M icrosoft's shares dipped im m ediately by 3% . The
counterparties agreed on the deal, but w as this a reasonable price to pay? The answ er to this
question is still unclear years after the acquisition.

A nother exam ple is the valuation of the custom er database of C aesars Entertainm ent C orp.
w hen they filed C hapter 11 in 2016. A ccording to the som e of the creditors, the value of the
database w as around $1B . This figure w as derived by calculating the loss of earnings that
som e com panies that sold off previously from  C aesars Entertainm ent C orp. experienced and
w ho no longer had access to the database. H ow ever, the bankruptcy report also noted that it
w ould be difficult to integrate and use this dataset outside of C aesars Entertainm ent C orp.



H ence, the value of their database w as som ething extrem ely difficult to calculate and very
m uch dependent on a variety of factors.

Laney (2017) suggests both a fundam ental and a financial approach to data valuation.
A ccording to Laney, understanding the fundam ental valuation of data is relevant for
organizations that are not ready to prescribe m onetary value to it, but are nevertheless
interested in assessing its quality and potential. It can, hence, be used as a leading indicator
of m onetary value.

Financial valuation of data, on the other hand, can be done in three w ays: by calculating the
(1) cost value, (2) m arket value, and (3) econom ic value. W e describe each of them  in the
follow ing sections.

2.4.1 Cost Value
This m ethod is preferred w hen there is no active m arket for the data. It reflects the annualized
financial expense incurred to generate, capture, and collect the data according to the
follow ing form ula:

w here  is the average life span of the data and  is the tim e period over w hich the process
expense is m easured.  is the cost of the -th process involved in
capturing the data and  is the percent of  attributable
to the data capturing. A n optional term  that considers the im pact on the business if
inform ation assets w ere rendered unavailable, stolen, or dam aged could be also included in
the form ula.

There are, of course, elem ents of subjectivity in the cost value approach. These elem ents can
include the percentage of the process that can be attributed to the capture of the data as w ell
as the potential business dam age in the case of data loss, if that term  is included.
A ccountants, in general, prefer this approach to valuing intangibles as it is m ore conservative
and less volatile.

2.4.2 M arket Value
This approach looks at the potential m onetary value of a data asset in a m arketplace,6 and
hence cannot be applied to assets that are not for sale such as internal datasets. A s w e
discussed in Section 2.3, there are already som e fully operational online m arket platform s
w here datasets are being sold,7 although they include only a sm all portion of the datasets in
circulation, are unregulated, and do not have standardized pricing m odels.

A  subtle clarification is that m ost of the tim e, the ow nership of data (and the process behind
its capture) is not actually sold but it is licensed. The num ber of licenses is potentially
unlim ited as data can be replicated w ith alm ost no costs. H ow ever, selling to m any m arket



participants results in decreased m arketability, w hich m eans that its value is dim inished the
m ore investors trade on it.8 A  variable discount factor could be applied to the m arket 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 econom ic value (see further below ) can be the starting point
to determ ine such exclusive price to w hich a variable discount factor can then be applied.
This is show n in the follow ing form ula:

 can be quantified through research of the m arket of potential
buyers. It m ay also require a subjective estim ate of the  discount factor based on
an extensive m arket analysis and it depends on .

2.4.3 Econom ic Value
The econom ic value approach takes into consideration the realized change in revenue m inus
the expenses w hen a data asset is incorporated into a revenue generating process. B y change,
w e m ean w ith respect to the case in w hich that data asset is not used. This is the traditional
incom e approach in accounting. The expenses include the cost of acquiring, adm inistering,
and applying the data in the process as described in the C ost Value case. The calculation of
such m easure requires running a trial over a certain period  (A /B  test), estim ating the
difference in revenue betw een the tw o alternatives and subtracting lifecycle cost of the
inform ation. In a nutshell:

w here again  is the average life span of the data. A s w e w ill explain below , not A /B  tests
but backtesting is the preferred m ethod in risk m anagem ent and investing. O f course, a data
vendor does not know  the econom ic value to the data consum er and it is highly unlikely that
tw o different data consum ers w ill have the sam e econom ic value. W e w ill show  later that the
valuation of a dataset depends on the exposure of an asset m anager and this can vary w idely,
even by several orders of m agnitude, betw een different players in the m arket.

In this section w e took the point of view  of a com pany that w ishes to understand the value of
its data assets both for internal purposes and for external m onetization by selling to the
m arket. H ow ever, w hat about the value of a dataset from  a buyer's perspective? W hen
considering w hether to buy a dataset, investm ent and risk m anagers m ust estim ate the
additional econom ic value to their bottom  line derived from  that data. W hile, in general, it is
difficult to m easure the value of data, say, for branding, increased com petitiveness, and other
sim ilar business uses, the im pact of a dataset on an asset m anagem ent firm  can be directly
m easured in m onetary term s. This sounds easy but, in reality, it com es w ith som e am biguity.
W e turn to discuss this in the next section.



2.5 EVALUATING  (ALTERNATIVE) DATA STRATEG IES
W ITH AND W ITHO UT BACKTESTING
W e argued that in order to understand how  m uch 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 m anagem ent, the m ost likely m ethod of quantification is
backtesting, although this is not alw ays possible, as w e w ill explain later. In essence, one
w ants to see how  the business w ould have done had they incorporated that dataset in the past
in their strategies. This test is perform ed on historical data, hence the nam e backtesting. W hat
is usually then assum ed is that the results of the backtest w ill hold in the future. There are, of
course, lim itations to such a m ethod, as som etim es the future does not look like the past.

In particular, the value of a dataset for a system atic investor can be m easured by estim ating
the enhanced returns the dataset unlocks over the investm ent horizon m inus the costs. For a
risk m anager, its value can be quantified by assessing how  m uch that dataset helps anticipate
and m itigate negative extrem e returns (e.g. by hedging, by divesting, etc.) that are outside the
established risk tolerance levels. For a discretionary investor, a m easure could be the value
added in investm ent decisions. In practice, all these are alw ays likely to be approxim ate
estim ates because there is no unique and determ inistic w ay to perform  such m easurem ents. It
very m uch depends on the choices underpinning the selected m odel to m easure value and the
underlying data, as w e w ill now  explain, addressing the different groups of system atic
investors, discretionary investors, and risk m anagers.

2.5.1 System atic Investors
For a system atic investor, a good w ay to quantify the im proved predictive ability derived
from  a dataset is through an out-of-sam ple perform ance test calculated w ith or w ithout using
that dataset (Strategy A  and Strategy B  respectively).9 For exam ple, w e can calibrate tw o
m odels ‌ Strategy A  and Strategy B  ‌ in the period , w here  is the current
tim e, and test their perform ance betw een . The num bers  can be
days, m onths ‌ anything of our choice. Then w e can roll over, recalibrate the m odels on 

, and test them  on , and so on. In the end, w e w ill have som e
m easures to establish w hether Strategy A  is superior to Strategy B . These m easures can be,
for exam ple, the Sharpe ratio, the com pounded annual return (C A R ), and so on. These type
of backtests should be conducted across all the asset classes over w hich the dataset is
expected to be im plem ented. For exam ple, w e can use the sam e dataset to generate enhanced
strategies across equities, fixed incom e, FX , and the like. The com bined value of these tests
then should be used to assess the overall perform ance of Strategy A .

This m ight appear easy at first sight, but there are som e m ethodological caveats one m ust
bear in m ind. First, the selected perform ance m easure(s) could yield different results
according to the tim e w indow  chosen for the out-of-sam ple test (e.g. one w eek, one m onth,
tw o years) as w ell as the tim e w indow  chosen for the in-sam ple fit and the tim e step of the
rollover. A  w inning strategy for certain in-sam ple and out-of-sam ple tim e w indow  lengths



could becom e losing if the lengths of those w indow s are changed. Second, the frequency of
the input/output variables can have an im pact, too (i.e. w hether w e are calibrating on data at
daily, quarterly, or other frequencies). Third, different assum ptions about transaction costs
could lead to different conclusions as w ell. Finally, even if w e have a clear w inner over the
first three dim ensions, this m ight be due to the type of predicative m odel used. If the m odel
functional form  is changed, say, from  a linear to a nonlinear, w e can observe the
perform ances of Strategy A  and Strategy B  to flip.10

These considerations apply in m ore general term s to m odels in the tim e series dom ain. Their
predictive perform ance, as decided by the m odeler through som e m easures, depends on the
choice of (1) the tim e w indow  used for the calibration (in-sam ple fit), (2) the tim e w indow
used for the out-of-sam ple test, (3) the frequency of the data, (4) the chosen explanatory
variables, and (5) the chosen m odel functional form . A ll these considerations indicate that
having a clear-cut w inning m odel is not alw ays possible. Som e variability in the conclusions
can be rem oved by narrow ing the hypothesis space of the choices based on econom ic
reasoning or technological constraints. W e m ight, for exam ple, strongly believe that a linear
m odel is the only suitable one for a strategy on a dataset based on our know ledge of the
econom ics of the dom ain w e are m odeling. W e can then lim it ourselves only to exploring
linear m odels. In other tim es, w e w ill sim ply have no choice because the technological
infrastructure, for exam ple, could be able to ingest data at m inim um , say, w eekly frequency.
Even after these types of restrictions, the choices left can still be too m any. W e w ill return to
this point in Section 2.6.

In the end, w e w ould ideally like to conclude that Strategy A  is superior to Strategy B .
Furtherm ore, w e could like to say that it is better by a certain am ount greater than a threshold
w e established beforehand. Som etim es this w ill not be the case, w hich m eans that the dataset
contains no, or a very w eak, signal and that it does not lead to a w orkable strategy. This does
not m ean, though, that if com bined w ith other alternative datasets, the conclusions w ould be
the sam e. In fact, in our experience, strong signals are usually detected w hen com bining
m ultiple data sources. H ence, discarding a data source after finding only a w eak signal w hen
used in isolation m ight be prem ature.

A n additional com plication is that the conclusions w e draw  from  all the tests w e discussed
can be very m uch tim e dependent. W hatever findings are valid as of today m ight change in
the future at the next date at w hich w e w ill decide to retest the tw o strategies. This can be due
both to overcrow ding (everybody starts to use that data source and hence the investm ent
value decays) and/or the alw ays changing nature of financial m arkets (i.e. the lack of
stationarity), w hich renders certain inform ation obsolete.11 If w e can gain an understanding
of the additional value a dataset provides, it can help us as a guideline of how  m uch w e
w ould roughly pay for a dataset. Typically, as a rule of thum b, based on our various
discussions w ith industry participants, data buyers seek to m ake around 10 tim es the
purchase price of a dataset, although the precise m ultiplier can vary betw een firm s. In other
w ords, if a firm  believes they can m ake a m illion dollars from  a dataset, this w ould im ply
that they'd be w illing to pay around $100k for that dataset.



H ow ever, the costs associated w ith a dataset are not sim ply its purchase price. A s w e already
m entioned, there is also the cost side to be factored in to the calculation, w hich consists not
only of the purchase price of the dataset, but also the tim e spent to analyze it, and the
expenses (C A PEX  and O PEX ) to incorporate it in a strategy.12 These expenses could include
data quality checks and transform ations like filling m issing data gaps, m atching entities
identifiers, and so on. If a strategy has a very large capacity strategy, then it is likely that
costs of the data and developing a trading strategy are likely to be a sm aller proportion of the
returns than a very low  capacity strategy.

W e note in closing that if there are policies in an asset m anager to have at least a certain
num ber of years of backtesting to im plem ent a strategy this can im pede the adoption of
alternative data as typically these sorts of datasets have shorter history. These firm s could
m iss the inform ational advantages that com e w ith the alternative data w ave unless they
accom m odate their policies to be m ore reflective of this new  reality. W e could also suggest
that one w ay to alleviate the problem s associated w ith short histories is for data vendors to
m ake a dataset broader ‌ for exam ple, to add m ore tickers. Ideally, of course, quants w ould
prefer datasets that are both very long in history and very broad in the num ber of assets they
cover.

2.5.2 Discretionary Investors
Som etim es alternative data can be used in different w ays from  the strategy w e have discussed
so far. It is not alw ays the case that a buy or sell signal is necessarily the output of a
particular alternative dataset. This is particularly the case for discretionary investors, w ho
often w ant to m ake the final buy or sell decision them selves. Instead, in m any instances, it is
used as an additional input into the decision-m aking process by the investor. In particular, the
use of alternative data m ight be done on m ore of a them atic basis, to dig dow n into a specific
com pany or political event of interest.

In this context, one-off purchases of datasets are not infrequent, especially by fundam ental
discretionary investors w ho w ant som e m ore inform ation (e.g. about the condition of an asset
they are m onitoring, say, a factory). In this case, survey data can invariably help as w e w ill
show  in C hapter 11. In this exam ple, it is not possible to have a statistical assessm ent as the
one-off dataset refers to one-off assessm ent and hence lacks repetition. B ut how  can w e put a
price tag to a dataset in this case? This is clearly very difficult. H ow ever, one w ay to
approach this is to ask w hether this additional dataset has changed your view  or not, or at
least helped to add additional evidence. H as the dataset helped you to answ er questions that
you w ould have been unable to answ er w ithout it? The answ ers to questions of this type are
very subjective13 and hence the price variation that a buyer is w illing to offer is substantial.

O ther tim es an investor m ight be interested in repeated events. H ow ever, these events are not
regularly distributed in tim e. For exam ple, w e m ight w ant to subscribe to an inform ation
service that m onitors the m ilitary conflicts in a certain geography. These are certainly not
regular in tim e. W e need then a m odel (approxim ate) for the distribution in tim e of these
events and their past im pacts to com e w ith an (approxim ate) valued added of that



inform ation.

A gain, as in the case of system atic investors, m uch is left to the negotiation process betw een
buyers and sellers to determ ine the price. H ow ever, com petition ‌ for exam ple, in the m arket
of survey/expert netw orks service providers ‌ pushes dow n prices to slightly above cost. W e
note that w hat is offered by these types of firm s are the services to collect the data, and costs
of this can be m ore transparent than a data stream  that leverages sensors, databases,
platform s, and people. This leaves m ore negotiating pow er in the hands of the data buyer.

2.5.3 Risk M anagers
Extrem e events are rare, by definition, but they are one of the m ain concerns of risk
m anagers. They tend to also be very irregular in tim e and very different in nature from  each
other. The failure of the LTC M , 9/11, and the G reat Financial C risis are fundam entally
different from  one another and the potential early w arning indicators to look for to anticipate
these events potentially reside every tim e in different data sources. H ence, a m easure of the
extent to w hich an alternative data source could be useful for the purposes of predicting
extrem e events is difficult and it m ight lack a statistical corroboration. In this sense,
backtesting is not possible, and hence com ing up w ith a price for a dataset could prove to be
trickier. A gain, in this case valuation m ust be done on subjective basis.

H ow ever, alternative data can give insights to risk m anagers to help forecast som e risk
m etrics like short-term  volatility, w hich 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 exam ple, C hapter 15 for how  new s can be used to help forecast
volatility around data events such as FO M C  and EC B  m eetings.



2.6 THE M O NETARY VALUE O F DATA (PART II)
A s already stated, one of the biggest and m ost im portant challenges w ithin the em erging
m arket of data, as of today, is the lack of a w idespread and accepted m ethodology for valuing
it. This m akes the functioning of the data m arket even m ore difficult. In this section w e w ill
continue to bring som e clarity to the subject and point to a solution, although m uch m ore
research m ust be done on the topic in our view . W e w ill put ourselves in the shoes of both the
data seller and the data buyer.

2.6.1 The Buyer's Perspective
A sset pricing theory gives a hint of how  to approach the problem  of pricing data from  the
buyer's side, w ith som e caveats that w e w ill shortly explain.

In Section 2.5 w e have been tacit about the price of data because w e assum ed it to be fixed
and exogenous, and determ ined w hether the benefits of using it outw eigh the costs (w hich
include the price) through backtesting. In w hat w e have described so far, how ever, the price
can be regarded as a free param eter to play w ith to determ ine the break-even point at w hich
benefits equal the costs. This can be regarded as the m axim um  price a buyer should be
w illing to pay for it and it can be used as a negotiating argum ent to bring the offering price
dow n if it is higher. In sum m ary, the m axim um  price is sim ply the break-even price that
w ould m ake a dataset profitable in an investm ent strategy com pared to w hen that dataset is
not used (Strategy A  versus Strategy B ). The break-even price w ill also depend on the
average bet size of the positions in the portfolio. The larger the position w e hold, the larger
the potential profit and hence the am ount w e w ould be w illing to pay for the dataset.

H ow ever, there is a problem  w ith this line of reasoning. There are tw o sources of uncertainty
in the procedure that w e described and these m ust be incorporated in the price. These are (1)
the uncertainty due to the potential stochastic nature of the m odels in the strategy and/or the
features extraction; and (2) uncertainty due to the choice of hyperparam eters of the m odels
and the backtest (e.g. tim e w indow  length, rollover).

The form er arises because w e w ill often use m odels to m ake predictions w hen devising a
strategy and these m odels w ill have stochastic error term s.14 The latter, as w e have already
m entioned, arises from  the variety of choices that w e have w hen selecting the
hyperparam eters. It is likely that w e could have several layers of M L processing involved in
term s of structuring a very com plex unstructured dataset, each of w hich involves selecting
different hyperparam eters.

In sum m ary, a strategy w ill yield a distribution of outcom es rather than a sharp point forecast.
Let's describe uncertainty due to the choice of hyperparam eters.

In general, given any investor, the tim e  price of an asset  according to this investor is
given by the fundam ental pricing equation:



(2.1)

w ith  the stochastic discount factor, and  the payoff at tim e . This payoff can
be the distribution of the final payoff of Strategy A .

W e stress that this m ay be a nonequilibrium  price (i.e. not the result of m any participants
acting in a m arket but a private valuation). A s is w ell know n and is discussed by C ochrane
(2009), the stochastic discount factor is given by:

w here  represents the derivative (w ith respect to w ealth) of the utility function at
w ealth level 15 achieved by starting from  a w ealth level  at tim e . The
stochastic discount factor is given by the product of the inverse of  ‌ a Lagrange m ultiplier
‌ and the m arginal utilities of w ealth at tim e . It is a stochastic discount factor because
the investor does not know  exactly their w ealth at tim e , , w hich enters the
(derivative of the) determ inistic utility function. The utility function of an investor can be
hard to determ ine but it essentially expresses their (nonlinear) attitude tow ard different
m agnitude of gains/losses.

The definition of the stochastic discount factor m ight seem  unfriendly and com plex although
the assum ptions behind this pricing theory are overly sim plistic (e.g. tw o period econom y),
as discussed in C ochrane (2009). It involves determ ining the utility function (and a risk
aversion coefficient inside it) of an investor and his im patience through . These are indeed
difficult to quantify.16 H ow ever, if the investor is able to quantify their im patience and their
risk aversion and utility, then the price can be obtained through Equation 2.1. This is going to
be their private valuation, w hich they can use in any negotiation or com pare to a data m arket
price if available.

H ence, an investor w ill be w illing to accept any price below  their private valuation. In reality,
determ ining risk aversion and utility is difficult, on top of m easuring and incorporating all the
stochasticity of a strategy, although this is the m ost principled approach. H ence, shortcuts and
rules of thum b, such as the one m entioned in Section 2.5.1, are applied w here a subjective
m ultiplier of the expected (i.e. w ithout considering at all the stochasticity) m onetary gain is
used.

2.6.2 The Seller's Perspective
If data m arkets w ere liquid and perfect com petition w as in place, then the price of a dataset
w ould be set by the m arket itself. H ow ever, m ost of the tim e datasets w ill be unique or
alm ost unique, hence m onopolistic pricing considerations should apply but alw ays bearing in
m ind that overcrow ding can decrease their value. W e turn to discuss the case of data (quasi)
m onopoly shortly in this section.



(2.2)

B ut before that, w e note that a m onopoly is not a clear-cut definition in the case of the data
w orld as it is for other m arkets, such as for electricity and w ater, even if there is only one
supplier of a certain data stream . In fact, tw o data sources could easily contain overlapping
inform ation, even if the collection m ethods are very different. For exam ple, m obile foot
traffic in shopping m alls and satellite im ages of car count pertain to very sim ilar types of
inform ation. In that case, if satellite im ages are too expensive, buyers could sw itch to the
potentially cheaper foot traffic tracking data. H ence, m onopolistic pricing cannot be alw ays
strictly applied. Vendors m ust be aw are of such situations because it m ight put them  out of
business quickly.

2.6.2.1 M onopoly
In the case that the dataset is unique, the data vendor can set the rules and apply a
m onopolistic pricing. In an ideal w orld, they try to m axim ize the revenue given by the
follow ing quantity:

w here  is the price of dataset  and  is the quantity sold at that price that w ill be
determ ined by dem and. Q uality of inform ation also plays a role and can also be factored into
the equation. In fact, w e expect m ore highly cleansed datasets to cost m ore as higher-quality
data im plies m ore data processing and higher costs.

The question for a seller is then how  to understand the value of  that m axim izes Equation
2.2. This m eans the buyers in the m arket m ust som ehow  reveal their preferences.
U nfortunately, this is not possible unless a survey or an auction for the data or another
specifically engineered self-revelation m echanism  is conducted. Figure 2.1 show s som e
pricing m echanism s that apply to different industries.

C onstraining the num ber of consum ers in an auction of high-value data feeds is a useful
heuristic to prevent overexploitation. D ependent on the use case, artificial latency constraints
can be used (or com bined w ith other techniques) to support m ultiple consum ers w ithout
overexploitation and consequent erosion of alpha generation opportunities. A uctions can be
used to allocate licenses to a m ultiple but restricted set of w inners. D ata can be then sold w ith
som e latency to a fixed price to the rest of the m arket. There w ould need to be sufficient
liquidity in the m arket such that there w ere a sufficient num ber of bidders in such an auction.



FIG U R E  2.1 D ifferent discrim inatory pricing m echanism s.

The four m ain types of auction are the English auction, the D utch auction, the First-Price
Sealed-B id auction, and the V ickrey auction. The V ickrey is praised for its property to induce
bidders to reveal their true valuations, enabling sellers to apply a nearly perfect price
discrim ination strategy. The likes of G oogle and eB ay have successfully em bedded the
V ickrey auction at the core of their business m odels.

A t the tim e of w riting, data auctioning is not a know n pricing m echanism . H ow ever, w e
believe w e w ill see som e m ovem ent in this direction in the near future. A s of today, the m ost
preferred m ethod is that of the differential pricing of data. This m eans that prices are adjusted
by the seller according to the size of the buyer w ithout room  for m uch negotiation. Equation
2.1 show s that the private valuation of a buyer depends on the payoff, w hich is proportional
to the exposure. H ence, the bigger the asset m anager, the bigger the price they are w illing to
pay, and the seller is w ell aw are of this fact. A s a consequence, w e have seen in practice
different prices being offered to different client classes determ ined by their size.17 A s argued
in the previous paragraphs though, an auction could be econom ically a better price-revealing
m echanism  as buyers know  best the value to their portfolios and hence how  m uch they w ould
be w illing to pay.

2.6.2.2 Sharing in the Upside of Data W hen Selling Externally
W hen selling data externally, w e have assum ed that the price of data is agreed and fixed
beforehand. For exam ple, a hedge fund w ill purchase a dataset for an agreed sum  from  a data
vendor. The hedge fund w ill then seek to m onetize that data through trading. H ence, the price
of data is a know n (and fixed) quantity that the data firm  w ill receive. H ow ever, there can be
another arrangem ent in place that could turn profitable to both sides.

If the dataset is particularly valuable, the hedge fund m ight m ake substantially m ore than the
initial cost of data, yet the data firm  w ill receive none of the upside. You could argue that this
is fair, given that the hedge fund is paying a fixed price, w hich is paid regardless of how  the
dataset perform s in the live trading environm ent. In a sense, w e could argue that it is like 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 m ain caveat, how ever, is that the option
seller here keeps the prem ium  regardless of the final payoff.



W hat about having a different w ay to price data? For exam ple, instead of having a fixed price
agreed in advance, the data w as priced according to the final trading outcom e. In a sense, this
is sim ilar to how  som e traders are com pensated. Traders can either be paid a fixed salary, or
they can be paid as percentage of the profits they generate from  their trading strategies.18 The
next question of course, is how  you allocate this bonus w ithin a team , w ho m ight have all had
som e role to play in the decision m aking. To sim plify m atters, for the sake of argum ent let us
sim ply assum e w e have one trader w ho m akes all the trading decisions for a single trading
book.

Is there a w ay a data vendor can share in the upside in the sam e w ay? O ne w ay to do this is
for the data vendor to sell trading signals to a fund. A  percentage of profits related to this
trading strategy can be returned to the data firm , w hich is fairly easy to define. In a sense, in
this w ay, the data vendor is becom ing a trader, but a fund is executing the trades. This,
obviously, requires the data vendor to convert raw  datasets into trading signals. In practice,
this requires a different skill set, w hich data vendors don't typically have. This could
potentially be the m ain sticking point of such approach. Furtherm ore, as w e note in num erous
places throughout the book, in som e cases com bining datasets together im proves the
predictability. A  hedge fund is unlikely to allow  an outside party to com e in and look at their
trading strategies to see w hich datasets they use and do analysis to understand w hich
contributed the m ost.

O ne w ay to fix this problem  is for an independent party to aggregate m any datasets together
to construct a trading strategy. H edge funds can then buy the signal from  the independent
party to execute them selves. A lternatively, the independent party can execute them ,
effectively turning them  into a m ini-hedge fund, w hich is likely to push it tow ard a regulated
entity.

The hedge fund w ill take m ost of the upside, given they are providing the capital for the
transactions and taking the risk. The independent party w ill take a percentage for m anaging
the process. The rest of the profits can be distributed to each data vendor. The breakdow n of
the paym ent to each data vendor is decided by the independent third party, based on their
ow n analysis. A  data vendor m ight also try to m anage the process, although, clearly, it w ould
be less independent, particularly w hen it com es dow n to how  it w ould spread the P& L to
other data vendors.

The ―pricing‖ for having access to the signal could be done through a m arket-based
approach, such as an auction along the lines of w hat w e suggested in the previous section.
W e still face the issue that the skill set for creating trading signals is som ething that is m ost
likely to be in a fund, rather than in a data vendor or other party. H ence, it could be the case
that a trading strategy developed this w ay m ight not necessarily be as profitable as if the fund
had developed it.

2.6.2.3 External M arketing Value in Data
In som e instances, the data seller m ay judge that the pure m onetary value of selling a dataset
externally is not significant enough to ―m ove the needle‖ w hen it com es to revenue. This



could be the case for data sellers that are not prim arily data vendors. These firm s m ight be
very large corporates looking to m onetize their exhaust data externally. W hile the pure dollar
value of selling their data could be insignificant w hen view ed against their prim ary revenues,
there m ight be indirect w ays of m onetizing the data externally. O ne w ay m ight be to give out
data for free externally as a m arketing tool, w hich is som ething that, for exam ple, A D P does.

A D P is a large U S firm  that provides softw are for H R  and payrolls. A s a result, they collect a
large am ount of data on U S payrolls. M uch of this data is clearly very sensitive, so it cannot
be released externally w ithout a significant am ount of aggregation and anonym ization. O nce
aggregated it can give us a picture of w hat the em ploym ent situation is like nationally, given
the size of A D P's sam ple. A D P releases the A D P N ational Em ploym ent report at the start of
each m onth, based upon this aggregated dataset. They have a headline figure for the national
change in private payrolls, as calculated using A D P's data and m odel. A longside this, there
are a num ber of com ponents for em ploym ent in different industries. It is specifically released
before the official U S em ploym ent report. It is often used by m arket participants as a now cast
for the official data release, w hich usually occurs later in the sam e w eek. The data is closely
follow ed by financial m arket participants and also m ore broadly in the m edia, providing an
opportunity to m arket the brand of A D P every m onth. In Figure 2.2, w e plot the U S change
in nonfarm  payrolls against the A D P N ational Em ploym ent private payroll change. W e can
see that by and large the tim e series do follow  one another, although typically the official data
tends to be m ore volatile.



FIG U R E  2.2 U S change in nonfarm  payrolls versus A D P private payroll change.
Source: B ased on data from  A D P, B loom berg.

A lternatively, the data could be distributed on a m ore lim ited basis to clients, by bundling it
on a so-called ―soft dollar‖ basis. The data w ould be paid for indirectly by the client through
the consum ption of other products and services. This helps to enhance service offerings to
clients. H ow ever, a key part of M iFID  II has been to unbundle the services that the sell side
offers to buy side firm s. H ence, buy-side firm s now  have to pay separately for services such
as research. This could potentially m ake ―soft dollar‖ arrangem ents m ore difficult for buy-
side firm s w ithin the EU .

2.7 THE ADVANTAG ES O F M ATURING  ALTERNATIVE
DATASETS
Throughout the book w e discuss m any of the challenges associated w ith alternative data.
Earlier in this chapter w e discussed the potential for the alpha of an alternative dataset to
decay over tim e. This m ight be particularly true of datasets that are m ost am enable for
higher-frequency and low er-capacity strategies. H ow ever, w e could argue that there are
circum stances w here a dataset m ight actually becom e m ore valuable or at the very least m ore
usable over tim e.

O ne obvious advantage of a m aturing dataset is the availability of m ore data history. The lack



of data history is one of the barriers to the adoption of particular dataset. W ithout sufficient
data history, it can be difficult to backtest trading strategies through different m arket regim es.

O ver tim e, it is likely that data vendors w ill be also able to increase the coverage of a dataset
so that it covers m ore assets and m ore geographies. If w e take the exam ple of satellite
im agery for counting cars in retail car parks (see C hapter 13), typically the dataset not only
needs access to the im ages them selves, but also m apping data. It also requires the
construction of polygons (geo-fencing) to outline the car parks. This is a tim e-consum ing
process, w hich needs to be done for each car park. This increases its appeal to quant-focused
accounts, w ho tend to trade a broader array of assets. Ideally, w e w ould w ant a dataset to
becom e sufficiently m ature so that it has decent history and coverage, but before it becom es
subject to significant alpha decay.

In general, the approaches and techniques associated w ith structuring data have im proved
over tim e. These new er techniques (or new  applications of existing techniques) help us to
understand unstructured content better. M uch of the content on the w eb ‌ w hich includes
text, im ages, and video ‌ is not structured. M achine learning algorithm s in text to tag the
topic of docum ents or understand sentim ent, for exam ple, have im proved, as have those for
understanding im ages (see C hapter 4). There are also m ore techniques available to clean data
that have m issing values (see C hapter 7). A ll this contributes to the increased m aturity and
hence usability of a dataset.

2.8 SUM M ARY
W e began the chapter by noting that w e w ould expect the alpha decay associated w ith an
alternative dataset to be slow er than that of a m ore com m oditized dataset. A  key question for
participants in the alternative data m arkets then is, w hat is the value of a dataset? From  the
perspective of a system atic investor, it is possible to backtest an alternative dataset to see how
m uch additional value it brings to existing m odels. Even here, different investors are likely to
attribute different values to the sam e dataset. For discretionary investors, it is m ore
challenging to do a backtest. W e talked about how  to try to m odel the buyer's perspective. W e
discussed how  various pricing schem es could be adopted from  the seller's perspective. Lastly,
w e noted that m aturing datasets can also have som e advantages, in particular related to a
longer data history. O ver tim e, analytical techniques im prove; hence, it is possible that w e
could find new  insights from  existing datasets. W e turn now  to discuss risks related to the
usage of alternative data.

NO TES
1   Instead of checking the validity of the assum ptions (w hich is very difficult), w e can look

at how  active m anagers perform  versus their relevant index. Soe and Poirier (2016, p. 1)
claim  that over the w hole of 2016, 84.6% , 87.9% , and 88.8%  of large-, m id-, and sm all-
cap m anagers underperform ed the S& P 500, S& P M idC ap 400, and S& P Sm allC ap 600
respectively. It also states that, on a 5-year tim e horizon, 91.9% , 87.9% , and 97.6%  of



them  underperform ed their respective benchm arks. It is a sim ilarly bleak story for the 10-
year period: 85.4% , 91.3% , and 90.8%  respectively.

2   W e also adm it that, because of exactly the sam e reasons, investm ent clues derived from
our case study results in this book can be self-defeating.

3   O f course, m uch depends also on the distribution policy of a data seller. For exam ple, is
the data available on an exclusive or a restricted basis? O r is it available for every
potential buyer? The relative availability of a dataset could im pact on the subscription fee
paid for the dataset. Even if a dataset is not available on an exclusive basis, a high cost
adds an im plicit barrier to the num ber of firm s using it. W e w ill discuss this point in
Section 2.4.

4   B oth the private and the data m arket exchanges are largely unregulated.

5   See Short (2017).

6   B y this w e w ill also m ean on private exchanges.

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

8   This, it can be argued, does not apply to dom ains outside trading. Jones (2019), for
exam ple, discusses the aspects of data and policies related to its w idespread use to
m axim ize social gains.

9   This is very sim ilar to the Econom ic Value approach of Section 2.4. H ow ever, w hat is
described here is not an A /B  test w here different strategies are applied to different
subgroups at the sam e tim e and the tw o im pacts are then assessed and com pared. O f
course, nothing stops us from  adopting such an approach by splitting the portfolio in tw o,
but this could be hard to justify from  business point of view . B acktesting is the preferred
approach in investing.

10 There could also be a determ inistic com ponent in a m odel, m eaning the rules used to
rebalance the portfolio (e.g. go long the top 5%  perform ers and short the bottom  5% , go
long the top 10% , etc.). This also has im pact on the conclusions.

11 A dditionally, the alw ays evolving data protection regulations could m ake a certain data
source com pletely unavailable. See Section 3.13.1 for a detailed discussion on the topic.

12 B ecause of this, running a proof-of-concept (PO C ) to detect signal on a sam ple of data
before operationalizing a strategy is the best w ay to ensure that tim e and resources are not
unnecessarily w asted. If a signal is detected at the PO C  stage, then an im plem entation of
the strategy could be considered. The steps from  PO C  to full operationalization and the
subtleties around w ill be exam ined in detail in C hapter 6.

13 W e m ust note that even if in Section 2.5.1 w e presented an ―objective‖ and statistical



approach, w e pointed also to som e elem ents of subjectivity, such as the choice of the tim e
w indow , frequency, and so on. A nother argum ent against ―objectivity‖ in that case is that
historical data m ight not be representative for the future and hence som etim es subjective
tw eaks in the backtests are necessary.

14 If w e use linear regression m odels, for exam ple, they unavoidably contain a stochastic
error term  : .

15 This w ealth is essentially the sum  of the payoffs of all the strategies in a portfolio.

16 W e m ust note, the effect of any potential overcrow ding in the signal w ill be reflected in
the price through this approach. If there is overcrow ding it w ill be reflected in low er
returns during the backtest, low er payoff of the dataset, and hence a low er price that a
buyer is w illing to pay. A  caveat here is that this conclusion relies on historical data that
also contains data about past overcrow ding or the lack of it. N obody guarantees that this is
not going to change the horizon over w hich w e agreed to pay a certain price to the data
vendor.

17 W e have also seen cases w here the price is influenced by the threshold above w hich a
portfolio m anager is required to go through an upper m anagem ent approval process.

18 The risk of this type of incentive is that it m ight encourage traders to take excessive risks,
in particular, because their dow nside losses are capped (i.e. m axim um  dow nside is the loss
of their job, rather than personal bankruptcy).



CHAPTER 3
Alternative Data Risks and Challenges

3.1 LEG AL ASPECTS O F DATA
R ecently new  legislation, like the EU  G eneral D ata Protection R egulation (G D PR ),1 has been
enacted. The aim  of G D PR  is to protect all EU  citizens from  privacy and data breaches and to
give them  control over their personal data. H ence, G D PR  is already im pacting how  investors
can obtain and use alternative data in those cases w here data contains w hat is possibly
considered the personal data of individuals in the European U nion. Indeed, m any alternative
datasets contain personal inform ation (e.g. credit card panel data and location). Therefore,
their usage for investing m ust be alw ays preceded by som e due diligence checks.

Let's first m ore rigorously define w hat G D PR  defines as ―personal data.‖ It is different and
broader than the U S definition of ―personally identifiable inform ation‖ (PII). In the EU , a key
question to ask w hen defining ―personal data‖ is w hether a person can be identified based on
that data. This m eans w hether it is possible to reverse-engineer the data, m aybe by com bining
it w ith other data sources, and to be able to uniquely identify that person. H ence, according to
the European C om m ission definition, ―For data to be truly anonym ized, the anonym ization
m ust be irreversible.‖ For exam ple, if the nam e w as rem oved from  a dataset of individuals
but the address rem ained, it w ould be fairly straightforw ard to derive the nam e (or least
narrow  it dow n to a household) by joining w ith a dataset of addresses and nam es.

If w e take a very broad attribute, such as the sex of the individual, this w ill obviously split a
population into tw o groups, and this w ill be insufficient to be a unique characteristic.
H ow ever, if w e then add m ore attributes, such as date of birth, then the com bination of the
attributes can becom e m ore unique, even if any particular characteristic is not in isolation.
The m ore dem ographic attributes are associated w ith an individual, then the m ore ―unique‖
that record w ould be. Furtherm ore, w e need to ask w hether collecting certain attributes is
absolutely necessary and could be view ed as contentious and unw arranted.

R ocher, H endrickx, and M ontjoye (2019) flag various instances w here supposedly
anonym ized datasets have been reverse engineered. They create a generative m odel to
reidentify individuals from  a dataset. U sing their m odel, they note that w ith 15 dem ographic
attributes, it is possible to render 99.98%  of the people as unique in M assachusetts. M ost of
the attributes are relatively com m on, such as date of birth, gender, ZIP code, and so on, and
w ouldn't necessarily be classified as alternative data.

M ontjoye, H idalgo, Verleysen, and B londel (2013) give an exam ple of how  uniqueness of
individuals can be derived from  an alternative dataset. They use a dataset of 15 m onths of
hum an location data, derived from  m obile phones. They note that w hen this location data is
hourly and if it is of suitable resolution, it is sufficient to identify 95%  of unique people.



In the U nited States, PII is m ore lim ited to categories such as nam es, addresses, telephone
num bers, and the like, unlike G D PR , according to w hich personal data can also additionally
include IP addresses, location, w eb cookies, photographs, and so on. H ence, all PII is
personal data but not all personal data is considered PII.

A cross the w orld, local law s regulate data protection to a different degree. W e cannot detail
all of them  here, but Figure 3.1 show s the levels of enforcem ent of data protection law s in all
the jurisdictions w orldw ide at the m om ent of w riting.

D ata protection law s restrict the am ount of alternative data that can be used. O nboarding data
m ust then com e after a careful due diligence check of w hether it contains personal data.
A ssurances from  data vendors cannot offload this burden from  the shoulders of the data
buyers and appropriate procedures, and internal controls m ust be put in place to ensure that
data protection law s are not breached. Insurance policies can be used as part of the risk
m itigation m ethods to handle the financial costs of data breach risks. H ow ever, it should be
noted that insurance m ay not offset all costs, w hich are difficult to quantify, such as
reputational dam age.

FIG U R E  3.1 C om parison of data protection law s around the w orld.
Source: D LA  Piper.

The lim itations of w hat data w e can use m eans that w e cannot alw ays have a com plete
picture in principle, say, of the potential earnings of an EU  com pany or a non-EU  com pany
w ith regard to their operations in the EU ,2 if w e use personal data to infer them  (e.g. the
people w ho bought the products of a com pany). Luckily, w e do not alw ays need to pinpoint
inform ation dow n to the person level. Instead, w hat w e need is a m ore aggregated view . For
exam ple, the num ber of people w ho visited a shopping m all each day of the year is an
aggregated m etric that w ill suffice to predict sales and earnings. Therefore, w henever w e do
not need to buy person-level inform ation, w e can only require anonym ized aggregated counts



directly from  the data vendor, instead of buying granular data and doing the aggregation
ourselves. W hatever the caveat to get the inform ation an investor needs, it is w ithout doubt
that data protection law s, in general, pose a constraint that could in principle reduce (but not
elim inate!) the usability of alternative data.

W eb scraping is another area w here legal questions m ay arise. A  lot of data on the w eb
appears on private w ebsites and behind payw alls. H ow ever, m any w eb pages are publicly
accessible. D oes this m ean that w e can freely reuse the content that is view able by users on a
public w ebsite? Each w ebsite has its ow n term s of usage, w hich in som e cases m ay prohibit
w eb scraping of content. In m any instances, firm s seek to m onetize the content of their
w ebsites by doing their ow n internal analysis, w hich is repackaged for clients to access.
A lternatively, firm s m ay be selling m achine-readable access via A PIs, either to the raw  data
or a structured representation. It is therefore perhaps unsurprising that m any firm s seek to
prevent w eb scraping of their w eb content through their term s of usage. A t the tim e of
w riting there is a law suit on the use of w eb-scraped data, w hich is being closely w atched by
hedge funds (Saacks, 2019). In Septem ber 2019, the N inth C ircuit C ourt of A ppeals sided
w ith hiQ  against LinkedIn. LinkedIn had been seeking to prevent hiQ  w eb scraping publicly
accessible LinkedIn user pages (see C ondon, 2019). hiQ  had been using the data to provide
services for H R  professionals. C ondon notes that the ―judge concluded that, even if LinkedIn
users had som e interest in w ithholding their publicly-available data, those interests did not
outw eigh hiQ 's interest in continuing its business.‖ The ruling w as seen as a positive
developm ent for firm s sourcing data from  the w eb.

A nother legal issue associated w ith alternative data is w hether a particular dataset constitutes
m aterial non-public inform ation (M N PI). D eloitte (2017) notes that just because data m ight
be accessible, such as certain content on the w eb, w hich m ight be tricky to find w ithout the
use of advanced coding techniques, does not necessarily m ake it public. In som e cases, they
note that certain firm s m ight be less w illing to purchase data that appears particularly
predictable of inform ation that is em bargoed till official release tim e, such as quarterly
earnings.

This leads us again to the concept of exclusivity for datasets. Theoretically, if a dataset is
m ore exclusive, w e m ight conjecture that it is less likely to suffer from  alpha decay,
particularly if it is m ost likely to be traded for strategies that have a low  capacity. H ence,
typically, such datasets are likely to be m uch m ore expensive. Fortado, W igglesw orth, and
Scannell (2017) note that exclusive datasets can be a ―double-edged sw ord,‖ quoting R ado
Lipuş of N eudata, and that som e large funds prefer to avoid them . This is not only related to
their expense of such datasets, but also to avoid any potential legal risks associated w ith
them . They also note that in the past N ew  York's attorney general has intervened to stop a
data vendor distributing exclusive content to prem ium  subscribers. W e have already
discussed auctioning datasets and giving to the w inners of the auction a restricted access to
the data (or low -latency access) to avoid overcrow ding and m axim ize the revenues of the
data vendor. It is im portant for a vendor to investigate if such auctions could be fit if data is
considered M N PI. C urrently this is still a legally blurred area.



The legal aspects of data do not purely govern w hether data can be purchased. D ata users
often face legal restrictions in how  they can use purchased data and this is related to the data
license. Is the data license firm -w ide, or only restricted to a sm all num ber of users? D oes the
data license restrict its redistribution in raw  form  or derived indices? A ll these contractual
lim itations can also influence the decision of w hether to acquire a dataset.

3.2 RISKS O F USING  ALTERNATIVE DATA
There are m any risks associated w ith using alternative data, w hich are discussed by D eloitte
(2017). Som e of these risks are likely to be faced m ost by the early adopters. Som e of these
m ight be related to the legal risks, w hich w e have discussed earlier. These m ight be related to
privacy issues like G D PR . A lternatively, it could be the case that the data is being collected
in a w ay that violates a w ebsite's term s of usage, such as through w eb scraping, as already
m entioned. It should be noted that traditional datasets can also have sim ilar issues. For
exam ple, a license m ay allow  for internal usage of a certain com m on m arket dataset;
how ever, this does not autom atically m ean it can be repackaged and used in datasets sold
externally.

O ther risks m ight relate to the quality of the data or its validity, a m atter w e touched upon
w hen discussing the m any V s of B ig D ata. A dm ittedly, data quality and validity has also
been an issue for traditional datasets. Even w ith m arket data, w e m ight have fat-finger values,
m issing values, and so on. H ow ever, w ith alternative data, w e face additional issues. In
particular, if w e think about social m edia, a large am ount of content is not neutral and m ay be
totally false. A s w ith m ore traditional datasets, it can also be the case that certain alternative
datasets disappear over tim e. If our m odels are heavily dependent on such datasets, it w ill
m ake a strategy m ore difficult to m aintain (see Section 5.2.10) and audit. There m ight be
m any reasons for this to happen, such as data vendors that close dow n. O r it can sim ply be
the case that the raw  data is no longer available because it has been discontinued by the
vendor. There have been instances w here changes in law , such as G D PR , have resulted in the
disappearance of certain datasets.

Further risks include em ployee turnover, w hich can result in leakage of intellectual property.
This has alw ays been an issue w ith financial m arkets, w here firm s have sought to protect
them selves from  em ployees m oving w ith particular know ledge of intellectual property. This
has resulted in noncom pete clauses being enforced. This is no different for dealing w ith
alternative data, w hich requires specialist skills that are difficult to source. Potentially, one
w ay to reduce em ployee turnover is to continually train em ployees so they can build their
skillsets and also becom e m ore productive in the process. This is especially relevant in a fast-
evolving area, such as alternative data.

H ow ever, those starting to use alternative data even after m any of these issues have been
resolved face other risks. D eloitte (2017) points out that these firm s w ill essentially have to
be playing catchup w ith established players in the field. A s w e noted earlier, developing a
strategy for alternative data does not purely involve hiring a few  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. C reating such a fram ew ork takes
tim e and cannot be done overnight. It is also difficult to execute successfully.

Those late to using alternative data m ight face ―blind spots,‖ as certain alternative datasets
that they do not yet know  how  to use becom e com m on. Indeed, this can already be observed
w ith som e alternative datasets that have becom e m ore ubiquitous, such as consum er
transaction data and estim ated quarterly earnings for U S retailers. For those firm s late to the
area, it could also result in a loss of assets under m anagem ent, as investors see them  as firm s
that are behind the curve. In substance, latecom ers face a strategic extinction risk.

3.3 CHALLENG ES O F USING  ALTERNATIVE DATA
Starting to use alternative data m ight not be that straightforw ard. First, it could com e in an
unstructured form . If this is the case, being able to use it w arrants first creating a structured
dataset from  w hich a m odel can be built and tested. Subsequently, unstructured data m ust be
continuously converted into structured data in order to feed in the m odel at the production
stage. Second, data m ight contain streaks of m issing values, outliers, and other anom alies.
These should be treated before any m odeling is attem pted unless w e have a strong reason to
believe that their am ount is negligible. Third, in m any applications, data from  m ultiple
sources m ust be integrated in order to enrich the feature set and hence do m ore pow erful data
m ining and predictions than analyzing single sources in isolation. A ggregating diverse data
sources com es w ith som e practical challenges as w ell. D ata from  different sources is seldom
in the sam e form at and frequency; it could com e w ith different delays, and identifiers
betw een different data sources could require som e treatm ent before being m atched w ith a
good level of confidence. Let's exam ine these issues in m ore detail.

In substance, the steps that data should be subjected to before the m odeling stage (not
necessarily in the follow ing sequence) are:

1. M atching entity identifiers betw een different data sources

2. Treating m issing data

3. C onverting unstructured data into structured

4. Treating outliers in the data

In w hat follow s, w e exam ine these steps in m ore detail. W e w ill dedicate separate chapters to
m issing data (C hapters 7 and 8) and outliers (C hapter 9).

3.3.1 Entity M atching
O ne of the biggest hurdles in m atching different datasets is the fact that the nam e of an
entity3 can be different in different sources because of the m ultitude of w ays to spell it or
because of typographical errors. Take, for exam ple, the sim ple case of the abbreviation for
lim ited com panies, w hich could have a num ber of different variations, such as lim ited, LTD ,



Ltd, or the like. This problem  is not static and is not purely lim ited to the m odel training
phase. Indeed, it w ill resurface live in production as new  entities appear in the data sources
(e.g. new  com panies being registered and as com panies disappear through events such as
takeovers). In the later section on natural language processing, w e discuss m any other
exam ples to illustrate the im portance of entity m atching. R ecently, advances have been m ade
in the area of record linkage, especially since 2000, and now  a variety of techniques and
libraries are w idely available. Luckily for tickers, there is the com m on C U SIP standard,
w hich can be used to join together datasets by ticker. This can be particularly useful if w e
w ant to join up m any different alternative datasets that m ight refer to a specific com pany.

H ow ever, for entities such as people and organizations, even once w e m ight have detected
them , m any different standards m ight be used by data vendors. This m akes it tricky to join
together these datasets by entity. To alleviate this problem , R efiniv have open sourced their
Perm ID s for m any different types of entities such as people and organizations. These are
available from  https://perm id.org/. Very granular entries, such as subsidiaries, are available
on a subscription basis.

A s C hristen (2012) explains, integrating data from  different sources consists of three tasks.
The first one is ―schem a m atching.‖ It is concerned w ith identifying database tables,
attributes, and conceptual structures (such as ontologies, X M L schem as, and U M L diagram s)
from  disparate databases that contain data that correspond to the sam e type of inform ation.
The second is ―data m atching.‖ It consists of identifying and m atching individual records
from  disparate databases that refer to the sam e entities. The third task, know n as ―data
fusion,‖ is the process of m erging pairs or groups of records that have been classified as
m atches (i.e. that are assum ed to refer to the sam e entity) into a clean and consistent record
that represents an entity. W e should note, how ever, that som e alternative data m ay have no
particular schem a, because it m ay be unstructured.

D ata m atching itself is divided into five steps: data preprocessing, indexing, record
com parison, classification, and evaluation. There is also a hum an review  step, if necessary.

The aim  of data preprocessing is to ensure that that the attributes used for the m atching have
the sam e structure, and their content follow s the sam e form ats. This m eans cleaning and
standardizing the data into w ell-defined and consistent form ats. Inconsistencies in the w ay
inform ation is represented and encoded also need to be resolved. D ata preprocessing thus
deals w ith rem oving unw anted characters and w ords, expanding abbreviations and correcting
m isspellings, segm enting attributes into w ell-defined and consistent output attributes (e.g.
splitting an address into street nam e, num ber, postcode etc.), and verifying the correctness of
the attribute values (e.g. correcting com pany nam es from  an external database).

O nce the database tables have been cleansed and standardized, they are ready to be m atched.
This m eans potentially com paring each pair of records in the tw o tables. If each table
contains one m illion records, this translates into one trillion records, w hich can take several
days of com puting tim e. Indexing is a w ay to reduce the num ber of com parison operations by
filtering out pairs that are unlikely to be a m atch and by creating candidate records. Several
techniques exist to do so, and blocking is one of the m ost used ones.



In the record com parison step, the candidate records generated in the previous step are
com pared m ore in detail by taking into account all the attributes (e.g. additional fields
containing the address of the com pany or its activity). R ather than exact m atching, w hich
could m iss m any entities that are the sam e but appear slightly different due to things like
typographical m istakes, an approxim ate m atching is usually conducted. This is done by
generating a sim ilarity score betw een records, w hich is a num ber betw een 0 and 1. Sim ilarity
of 1.0 w ould correspond to an exact m atch betw een tw o values. B y contrast, a sim ilarity of
0.0 corresponds to a total dissim ilarity betw een tw o values. Scores betw een 0.0 and 1.0
w ould correspond to som e degree of sim ilarity betw een tw o values. For each candidate
record pair several attributes are generally com pared, resulting in a vector of num erical
sim ilarity values for each pair. These vectors are called com parison vectors.

O nce the com parison vectors have been calculated, pairs of entities have to be assigned to a
class: m atch, non-m atch, or a potential m atch. In the latter, a hum an can be used to resolve
the uncertainty and assign a m atch or non-m atch class m anually. This can be done by
thresholding the sum  of the elem ents of the com parison vectors. For exam ple, if the
com parison vectors have 10 attributes, then the sum  of their elem ents m ust be in the interval
[0,10]. A  thresholding can be defined as follow s: [0,4] non-m atch, [4,6] potential m atch,
[6,10] m atch. A  potential m atch is escalated for m anual review , but w e m ust say that this can
be a slow  process and prone to errors. A n external service such as A m azon M echanic Turk
can be used to outsource this process by crow dsourcing it. W e m ust stress that any sort of
m anual process like this, w hether done internally or externally, needs to have clear and
definable criteria outlined, otherw ise the accuracy is likely to be very low .

The last step is concerned w ith the evaluation of the quality of the m atches and non-m atches.
Techniques like F-score borrow ed from  the m achine learning field are com m only used. The
quality of the m atching is influenced by all the steps described above. The preprocessing step
helps m ake tw o different values sim ilar. The indexing step leaves out very dissim ilar records.
The algorithm s in the data m atching steps and the thresholds and the m anual process in the
classification steps also have an influence on the final results.

W e also note that how  w e store the m atching results is im portant, especially w hen it com es to
backtesting investm ent strategies. In this case, w e w ant to m ake sure that at any point in tim e
of the backtest, w e are not inadvertently using data from  the future. This can introduce an
upw ard bias to our results and m ake our backtest unrepresentative. Essentially, data can
―leak‖ from  the future to our backtest.

W e w ill m ake the distinction at this point betw een transaction tim e and belief tim e. A
transaction tim e denotes w hen a record w as inserted into the database. It is usually recorded
autom atically as a tim estam p by the database system  and cannot be m odified. B elief tim e
refers to the tim e w hen the fact inserted into the database is valid.4 For exam ple, w e m ight
believe that country X  has a G D P5 figure for 2015 of, say, $1 trillion. W e m ight have this
belief and insert it as a record as of D ecem ber 31, 2016. W e m ight then update our belief on
January 31, 2017, and insert it as a new  record w ith the new  G D P figure. B elief tim es, in
general, can be intervals, points in tim e, or a series of points in tim e.



C onstructing the database in such a (bi-tem poral) w ay m eans that w e can now  find out w hat
our belief tim e w as for any given past transaction tim e (e.g. w hat w as our belief as of January
15, 2016, w ith regard to the G D P of country X ). Thus, bi-tem poral databases of this kind
allow  retroactive updates com ing into effect after the period of tim e the data is referencing.
They also support proactive updates com ing into effect before the period of tim e the data is
referencing.

The results from  entity m atching should be stored in a w ay such that there are bi-tem poral
relationships betw een a perm anent entity identifier and the entity attributes used in the
m atching process. This enables point-in-tim e or as-of queries to be used and allow s for
historical analysis w ithout bias. This issue about point-in-tim e recording is also applicable to
the underlying dataset itself, in addition to any history of the entity relationships.

3.3.2 M issing Data
A cross m any different fields, ranging from  finance and econom ics to energy and
transportation, to geophysical, m eteorological, and sensor data, one of the challenges w hen
w orking w ith data is that it is rarely com plete. For instance, about 28%  of publications in
finance betw een 1995 and 1999 are reported to contain on average about 20%  m issing values
(see K ofm an, 2003). A s analyzed in R ezvan et al. (2015), a sam ple of m ore than 100 papers
in m edical research betw een 2008 and 2013 typically contain m issingness fractions
exceeding 20% . The reasons for data to be incom plete are m anifold and usually dom ain
specific. Possibilities include faulty sensors or processes, incom plete records, m istakes in
data collection, unavailability to report certain inform ation, or other very specific reasons.
O ften it is also not know n exactly w hy data is m issing. In m ost cases it is not possible to
recover m issing values through additional data collection or m easurem ents. Therefore, w hen
building data applications, one has to accept incom plete data as the norm  and devise
appropriate strategies for dealing w ith it. W e w ill dedicate one full chapter (C hapter 7) to
m issing data and w ill present detailed case studies in C hapter 8.

3.3.3 Structuring the Data
A ccording to w idely cited statistics, 80% ‌95%  of the data in the w orld com es in unstructured
form : text, im ages, videos, and the like. D ata can be also sem i-structured like, for exam ple,
X M L files containing both text and tags. R egardless of the origin of data (individuals,
institutions, and sensors), m aking it useable requires it to be converted to a structured form ,
sharing a com m on form at. O nce it is in a structured form , it becom es easier to analyze.

There are som e necessary steps for this to happen. O nce data has been captured into a raw
digital form at, it needs to be preprocessed and validated at every step. Q uite often, data can
be of such low  quality that it m akes no sense to use it any further. Therefore, at each m ajor
stage of preprocessing it is logical to perform  a validation check that w ould filter only the
data that is good enough to proceed to m ore dow nstream  tasks. W hen reading docum ents
electronically, for exam ple, it w ould be im portant to perform  quality checks on PD Fs first to
assess w hether they are ―extractable.‖ These checks can include assessing w hether PD Fs



have sufficient contrast, reasonable D PI, lack of noise, and so on. If the quality is very bad,
then it is logical to drop these specific observations. If the quality is average, then w e can try
to fix. If w e assess that the quality is good enough after these various preprocessing steps, w e
can start doing O ptical C haracter R ecognition (O C R ). A fter perform ing O C R  and before
trying to process the extracted inform ation, w e can do additional checks, this tim e, for
exam ple, on the tables/text specific to the business case at hand.
In the case of w eb text, preprocessing m ight also involve rem oving data that is superfluous
for deciphering any m eaning, such as H TM L tags and other code. These parts of the text are
prim arily for a com puter to interpret and do not aid hum an interpretation. It also m eans
rem oving sections of the text that are hum an-readable but are unlikely to be of interest, such
as the navigation bars, page num bers, and disclaim ers. B y the end of this step, w e should be
left w ith the body text of the article. This body text can be structured using N LP (N atural
Language Processing) to add additional m etadata to help w ith interpretation. Earlier stages of
N LP w ill include steps such as w ord segm entation to pick out individual w ords. D ow nstream
from  that, part-of-speech tagging can be applied to identify w hich w ords are verbs and nouns,
for exam ple. The final structured output can be view ed as a sum m ary of the raw  data, w hich
could be m ore easily stored in a database and analyzed than the original unstructured dataset.

Later on, the text m ay be classified to identify the overall topic. N am e entity recognition is
also key to identifying proper nouns of interest, such as people, places, and brands. This is
usually com bined w ith entity m atching, too, so entities tagged in text can be m apped in
tradable instrum ents. Sentim ent analysis can be used to understand how  positive or negative
the text is. For speech data, w e also have the additional step of applying speech recognition
in order to transcribe the actual audio into w ritten text.

The equivalent of N LP for im ages is com puter vision. Just as w ith N LP, the goal of com puter
vision is to get an understanding of the data from  a hum an perspective. It encom passes a
num ber of different m ethods. Like text, im ages need to be cleaned before any further higher-
level steps are taken for interpretation. The first step for im ages w ill include im age
processing, such as changing the contrast and sharpening, as w ell as the rem oval of noise.
O ther tasks include edge detection and im age segm entation to split an im age into various
regions or to sim plify it; these tasks are tackled by convolutional neural netw orks (C N N ).
These im age preprocessing steps are essential preparation for higher levels of analysis later.

From  a higher-level perspective, com puter vision tries to interpret an im age to add additional
m etadata to it and to structure it. These com puter vision tasks include im age recognition or
classification for the entire im age. It could also be to pick out specific objects in an im age,
nam ely object detection, w here w e seek to create a bounded box around objects. This
includes object classification and object identification. O ne sim ple exam ple of object
classification could be to classify a ―burger‖ and then identification of its specific type, such
as ―W hopper.‖ W e could view  facial recognition as a very specific exam ple of object
identification. In recent years, m achine learning, and in particular deep learning techniques,
have becom e very suitable for tasks w ithin com puter vision such as im age classification. The
use of m achine learning has not been confined to the higher-level tasks only. It has also been



helpful for a num ber of im age processing tasks, such as im age colorization and rem oving
blurring from  an im age. W hile m any of the tasks associated w ith com puter vision are also
applicable for video, som e are very specific to video, such as object m ovem ent tracking or lip
reading.

C om puter vision can also be used as part of an N LP task w hen our input text is not already in
a digitized text form at, but it is instead w ithin an im age. This can occur w hen the input text
consists of handw riting. W e can use O C R  to pick out printed text not only from  docum ents
discussed earlier but also w hen reading road signs for self-driving cars. W e discuss the
structuring of im ages and com puter vision in Section 4.5 and use cases in m ore detail in
C hapter 13 and natural language processing in Section 4.6 and use cases in C hapter 15.

Even if data has a relatively com m on structure already, such as trade transaction data, w e
m ight still w ant to add other fields to help w ith additional classification of the dataset. In the
case of transaction data, this is likely to involve adding tags to describe the general type of
counterparties, such as understanding w hether they are on the sell side, buy side, or a
corporate firm , for exam ple. A s w ith m any types of structuring, this w ill involve joining it
w ith other datasets.

3.3.4 Treatm ent of O utliers6

D ata, even if structured, is invariably fraught w ith records that could substantially deviate
from  expected patterns. A s w ith m issing data, the prim ary cause of such technical outliers
could be faulty sensors, processes, or m istakes in data collection. These technical outliers can
also be referred to as unw anted anom alies or noise. A s H uber (1974) puts it, noise
accom m odation refers to im m unizing a statistical m odel estim ation against anom alous
observations. O ther outliers are not technical but som ething that is inherent in the data itself
and that w e actually w ant to m odel (e.g. credit card fraud transactions, insurance claim s,
extrem e events in financial tim e series, or cyber-breaches).

Three types of outliers detection techniques exist7 ‌ supervised, sem i-supervised, and
unsupervised:

Supervised anom aly detection assum es the existence of a labeled dataset of outliers
versus norm al observations on w hich a classifier can be trained. Then the m odel is used
on new  data records to determ ine w hich class they belong to.

Sem i-supervised anom aly detection assum es the existence of a labeled dataset only for
the norm al class. A  m odel is then built for the class corresponding to norm al behavior,
and used to identify outliers in the test data.

U nsupervised anom aly detection m eans that a labeled dataset is not required, w hich
m akes this the m ost w idely used approach. The techniques in this category m ake the
im plicit assum ption that norm al instances are far m ore frequent than anom alies in the
test data.

A ccording to the dom ain and nature of the data, the type of anom aly, and the challenges



associated w ith anom aly detection, different techniques m ay be applicable. W e w ill discuss
those in m uch greater detail in C hapter 9.

3.4 AG G REG ATING  THE DATA
Let's say w e have already structured the data to som e extent and w e have already flagged and
treated the outliers. W hatever input data w e have, w hether im ages or text, are now  in a
standardized form at. O ur dataset is also tagged w ith m etadata fields to help describe the data.
Som e of these m ight be text based (like tickers) or num erical. The num erical fields m ight be
car counts, sentim ent, and so on.

The next step is to aggregate the data to m ake it m ore readily available for use in a trading
strategy or a financial m odel. Typically, tim e series derived from  our alternative data m ight
be available on an irregular frequency w hile our financial m odel m ight be expecting data that
has a regular frequency (e.g. every m inute, or daily). H ence, w e should think about
resam pling our dataset to fit. If w e are getting high-frequency observations from  new s data,
w e can think about getting a sum m ary statistic to describe the w hole day, w hether a m ean,
m edian, or som e range. O bviously, this resam pling w ill necessitate the loss of som e
inform ation, but it is essential to creating useful inform ation that can be incorporated into a
com prehensive m odel. The final output is likely to be an index of som e sort that can be used
as an input into another m odel.

W e could em ploy m any other types of aggregation, in addition to frequency. A nother
com m on type of aggregation is that based upon the ticker and also the location or indeed any
other category style tags. Indeed, m any of the use cases later in the book em ploy alternative
data that has been aggregated by category or ticker. In som e cases, it m ight be a legal
requirem ent to aggregate parts of the dataset, to ensure that specific people or counterparties
are not identifiable, before distribution (see Section 3.1).

3.5 SUM M ARY
In the alternative data investm ent-driven process, there are som e potential risks and pitfalls
that w e have pointed out so far. First, m any data sources could contain rapidly decaying
signals, no signals at all, or are sim ply too expensive com pared to the strength of the signal
that can be extracted. Second, even if there is a signal as of today, there is no guarantee that it
w ill persist long enough in the future to justify the initial investm ent (price of the data and
infrastructure costs). Third, finding talent w ith the right skillset and dom ain know ledge is
still a challenge at the m om ent of w riting. This could be a significant source of m odel risk.
Finally, in a rapidly evolving w orld, new  law s could em erge daily in different geographies
and this can all of a sudden preclude the use of som e types of alternative data (e.g. personal
data).

W e w ill show  in w hat follow s that having the right approach and strategy to navigate the
com plexities deriving from  the use of alternative data is an absolute necessity if one w ants to



reap rew ards hidden in it. A lthough this sounds like a difficult journey, w e believe that in the
end it w ill be w orth the effort. B ut before that let's turn to discuss som e m ethodological
challenges that can be encountered along the w ay.

In this chapter, w e also talked about m any of the challenges associated w ith alternative
datasets. O ne of these is entity m atching. This involves 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-tim e form at. M ore broadly alternative datasets need to be structured. O ften they can
be in form s such as im ages and text, w ithout a com m on form at. W e need to convert
alternative datasets such as im ages and text into a m ore readily consum able form  for
investors, such as num erical tim e series. O ther challenges w e m entioned are not exclusive to
alternative datasets, such as being able to deal w ith m issing data and also being able to pick
out outliers. W e w ill discuss those in greater detail in C hapters 7, 8, and 9.

NO TES
1   It took effect on M ay 25, 2018.

2   In the case of extra-EU  com panies, the am ount of their EU  operations could be lim ited so
a better estim ate of their earnings could be possible provided that the local data protection
law s they operated under are not that stringent as the G D PR .

3   A n entity can be a com pany, a person, a product, or a security, for exam ple.

4   This type of database is called tem poral.

5   Past G D P figures of countries are frequently revised m onths after they are first officially
released.

6   W e w ill use the w ords ―anom aly‖ and ―outlier‖ interchangeably.

7   See C handola (2009).



CHAPTER 4
M achine Learning Techniques

4.1. INTRO DUCTIO N
In this chapter, w e w ill discuss several topics centered on m achine learning. The rationale
behind discussing it is that m achine learning can be an im portant part of utilizing alternative
data w ithin the investm ent environm ent. O ne particular usage of m achine learning concerns
structuring the data, w hich is often a key step in the investm ent process. M achine learning
can also be used to help create forecasts using regressions, such as for econom ic data or
prices, using various factors, w hich can be draw n from  m ore traditional datasets, such as
m arket data and also alternative data. W e can also use techniques from  m achine learning for
classification, w hich can be useful to help us m odel various m arket regim es.

To begin w ith, w e give a brief discussion concerning the variance-bias trade-off and the use
of cross-validation. W e talk about the three broad types of m achine learning, nam ely
supervised, unsupervised, and reinforcem ent learning.

Then w e have a brief survey of som e of the m achine learning techniques that have
applications to alternative data. O ur discussion of the techniques w ill be succinct, and w e w ill
refer to other texts as appropriate. W e begin w ith relatively sim ple cases from  supervised
m achine learning, such as linear and logistic regression. W e m ove on to unsupervised
techniques. There is also a discussion of the various softw are libraries that can be used such
as TensorFlow  and scikit-learn.

The latter part of the chapter addresses som e of the particular challenges associated w ith
m achine learning. W e give several use cases in financial m arkets, and w hich m achine
learning techniques could be used to solve them , ranging from  forecasting volatility to entity
m atching. W e talk about the difficulties that arise w hen using it w ith financial tim e series,
w hich are by nature nonstationary. W e also give practical use cases on how  to structure
im ages and also text, through natural language processing.

4.2. M ACHINE LEARNING : DEFINITIO NS AND
TECHNIQ UES
4.2.1. Bias, Variance, and Noise
This section discusses one of the m ost im portant trade-offs that m ust be considered w hen
building a m achine learning m odel. This trade-off is general and arises regardless of the
dom ain and the task w e are focused on. W hile it is m ethodological in nature, there are also
additional trade-offs betw een m ethodology, technology, and business requirem ents. W e w ill



(4.1)

touch upon those in Section 4.4.4. W hat w e can say at this point is that the choices w e m ake
here in regard to this trade-off can significantly im pact on our investm ent strategy.

Im agine that w e have a dataset  and w ant to m odel the relationship  w ith 
. A s pointed out by Lopez de Prado (2018)1 m odels generally suffer from  three

errors: bias, variance, and noise, w hich jointly contribute to the total output error. M ore
specifically:

B ias: This error is caused by unrealistic and sim plifying assum ptions. W hen bias is
high, this m eans that the m odel has failed to recognize im portant relations betw een
features and outcom es. A n exam ple of this is trying a linear fit on data w hose data-
generating process is nonlinear (e.g. quadratic). In this case, the algorithm  is said to be
―underfit.‖

N oise: This error is caused by the variance of the observed values, like changes to
external variables to the dataset or m easurem ent errors. This error is irreducible and
cannot be explained by any m odel.

Variance: This error is caused by the sensitivity of the m odel predictions to sm all
changes in the training set. W hen the variance is high, this m eans that the algorithm  has
overfit the training set. Therefore, even m inuscule changes in the training set can
produce w ildly different predictions ‌ for exam ple, fitting a polynom ial of degree four
to data generated by a quadratic data-generating process. U ltim ately, rather than
m odeling the general patterns in the training set, the algorithm  has m istaken the noise
for signal. H ence, it w as fit to the noise, rather than the underlying signal.

W e can express this in m athem atical term s as follow s. A ssum e the data-generating process
(unknow n) is given by  w ith  and .  is w hat w e

have to estim ate. Let's denote by  our estim ate. The expected error of the fit by the

function  at the point  is given by:



FIG U R E  4.1 B alance betw een high bias and high variance.
Source: B ased on data from  Tow ards D ata Science (https://tow ardsdatascience.com /understanding-the-bias-variance-
tradeoff-165e6942b229).

Typically, the bias decreases as m odel com plexity2 increases. The variance, on the other
hand, increases.3 If w e assum e that the data w e are m odeling is stationary over the training
and test periods, then our aim  w ill be to m inim ize the expected error of the fit (e.g. w hen
trying to forecast asset returns). This error w ill then be an interplay betw een variance and
bias and w ill be influenced by the com plexity of the m odel w e choose, as Equation 4.1
show s. H ence, w e w ant to strike a balance betw een bias and variance. W e don't w ant a m odel
that has high bias or high variance (see Figure 4.1).

O f course, m ost of the tim e w e w ill be (hopefully!) m aking m odels assum ptions rooted in
econom ic theory that w ill lim it the m odel space, and hence typically reduce the m odel
com plexity. O ther tim es w e w ill m ake sacrifices, such as w hen required to deliver the results
of a calculation on an unstructured dataset quickly and on a device that is slow , for exam ple,
a m obile phone ‌ in this case a sim pler m odel could be preferred but w e should alw ays keep
in m ind the trade-off of this section. In essence, w e w ant to m ake the m odel sim ple enough to
m odel w hat w e w ant, but no sim pler.

4.2.2. Cross-Validation
C ross-validation (C V ) is a standard practice to determ ine the generalization capability of an
algorithm . W hen calibrated on a training set it can yield very good fits but out-of-sam ple its
perform ance can be drastically reduced. In fact, as Lopez de Prado (2018) argues, M L
algorithm s calibrated on a training set ―are no different from  file lossy-com pression
algorithm s: They can sum m arize the data w ith extrem e fidelity, yet w ith zero forecasting
pow er.‖ Lopez de Prado also argues that C V  fails in finance as it is far-fetched to assum e that
the observations in the training and validation set are i.i.d. (independent and identically
distributed). This could happen, for exam ple, due to leakage w hen training and validation
sets contain the sam e inform ation.

In general, C V  is also used for the choice of param eters of a m odel in order to m axim ize its



out-of-sam ple predictive pow er. W e do not w ant to fit param eters that happen to sim ply w ork
in a very short and specific historical period at the cost of poor out-of-sam ple perform ance.

For the purposes of an investm ent strategy, our C V  w ill be determ ined by the backtesting
m ethod, w here w e specifically leave som e historical data for out-of-sam ple testing. W e
discussed backtesting m ethodology in Section 2.5. W e w ill also discuss it again in great
length in C hapter 10, and in m any of the later use cases in the book. W e note that w hile
backtesting has the general flavor of a C V  m ethod, it is not subject, at least to the sam e
degree, to the criticism s m ade earlier. B y design, it can better handle non-i.i.d. data, w hich is
w hat w e need.

4.2.3. Introducing M achine Learning
W e have already m entioned m achine learning a num ber of tim es in the text, w ith reference to
m any areas of relevance for alternative data, such as structuring datasets and anom aly
detection. In the next few  sections of the book, w e give an introductory look at m achine
learning and discuss som e of the m ost popular techniques used in this area. Later, w e delve
into m ore advanced techniques such as neural netw orks.

A ll of m achine learning can be split into one of three groups: supervised learning,
unsupervised learning, and reinforcem ent learning. In all types of m achine learning, how ever,
w e are trying to m axim ize som e score function (or m inim ize som e loss function), w hether
this is a likelihood (from  classical statistics) or som e other objective function.

4.2.3.1. Supervised Learning
In supervised learning, for each data point, w e have a vector of input variables, , and a
vector of output variables, , form ing a set of  pairs. The aim  is to try to predict  by
using .4 W ithin this predictive branch of supervised learning, there are tw o stream s:
regression and classification. R egression consists of trying to predict a continuous variable,
such as . A n exam ple m ight be predicting a stock's returns using the current
interest rate, , and a m om entum  indicator for the stock, . For classification, w e predict
w hich group som ething belongs in, such as . A n exam ple m ight be trying to
predict w hether a m ortgage w ill default (belongs to class ) given the recipient's credit
score, , and the current m ortgage interest rate, .

C lassification problem s are then further subdivided into tw o categories, generative and
discrim inative. G enerative algorithm s provide us w ith probabilities that the inputs belong to
each class, such as  and interest rate of

. W e m ust then decide how  to use these probabilities to assign classes.5
D iscrim inative algorithm s m erely assign a class to each of the input vectors.

In C hapter 14, for exam ple, w e use supervised learning in the form  of a linear regression to
fit earnings per share estim ates w ith various alternative datasets, such as location data and
new s sentim ent for specific U S retailers.



4.2.3.2. Unsupervised Learning
R ather than trying to predict the data, unsupervised learning is about understanding and
augm enting the data. H ere, instead of having  pairs, w e sim ply have  vectors (i.e.
there is nothing to predict). O utputs of unsupervised learning can often be good inputs to
supervised learning m odels. A m ong the m any subfields of unsupervised learning, the m ost
popular are probably clustering and dim ensionality reduction. C lustering is about grouping
data points, but w ithout prior know ledge of w hat those groups m ight be, w hereas
dim ensionality reduction is about expressing the data using few er dim ensions.

A  com m on exam ple of clustering is in assigning stocks to sectors. This is particularly useful
for diversification because it m ay not be particularly obvious at first that a stock should
belong to a sector. B y understanding how  the elem ents of our universe form  groups (i.e.
sectors) w e can ensure w e don't give any one group too m uch w eight w ithin our portfolio.

4.2.3.3. Reinforcem ent Learning
For reinforcem ent learning, rather than m ap an input vector, , to a know n output vector that
denotes som e variable, , either continuous or categorical, w e instead w ant to m ap an input
vector to an action. This is done w ithout prior know ledge of w hich input vectors w e w ant to
m ap to w hich actions. These actions then lead to som e rew ard, either im m ediately or later
dow n the line, decided by som e rule set or ―environm ent.‖

If supervised learning is deciding w hich stocks w ill experience positive returns (w hich w e
w ould then decide to buy), then reinforcem ent learning is about teaching the m odel w hich
stocks to buy (w ithout explicitly stating so) by allow ing it to learn that buying stocks that
experience positive returns is a good thing. O ne w ay to do this is perhaps by giving it a
―rew ard‖ proportional to end-of-day P& L and reinforcem ent learning, therefore, could be
useful to derive trading strategies them selves, rather than us building the strategies around
fixed rules w here the inputs to those strategies com e from  m odels.

The difficulty w ith reinforcem ent learning is that, because our m odel starts off as being
―dum b‖ and w e often have m any choices w e could m ake at any point in tim e, it requires a
very large am ount of data to train, likely m ore than currently exists for any financial m arket.
O ne w ay to overcom e this is if w e could set up a w ay to artificially generate real enough
financial m arket sim ulations to allow  the m odel to learn w hat to do in certain situations,
m uch like how  w e can sim ulate gam es of chess or G o. D oing this, how ever, is not so sim ple,
although there have been som e attem pts to address this problem  in finance.

R einforcem ent learning looks like it could be extrem ely pow erful w hen applied to finance;
how ever, at present, w e are at very early stages. A s such, w e don't discuss reinforcem ent
learning further in this text. For readers interested in m ethods of creating synthetic financial
data, Pardo (2019) discusses the use of G A N s (generative adversarial netw orks) to create
such datasets. It show s how  to create financial tim e series that exhibit sim ilar characteristics
to existing tim e series. For exam ple, it show s how  to create m any synthetic tim e series that
have sim ilar behavior to the popular V IX  index.



4.2.4. Popular Supervised M achine Learning Techniques

4.2.4.1. Linear Regression
Linear regression is probably the first m odel one should learn in one's attem pt to expose
oneself to m achine learning. It is rem arkably sim ple to understand, quick to im plem ent, and,
in m any cases, extrem ely effective. B efore attem pting any other m ore com plicated m odel,
one should probably attem pt a linear m odel first. This is also our approach in the use case
chapters.

Linear regression, unsurprisingly, assum es a linear relationship betw een the dependent
variable, , and the explanatory variables, . In particular, the m odel is usually denoted 

 or  w ith  augm ented to include an elem ent
that is alw ays  to represent the intercept , and  the error term .6 In linear regression w e
are attem pting to m inim ize the sum  of the squared errors,  (i.e. O LS, ordinary least
squares) ‌ see Figure 4.2 for an exam ple.

O ther than linearity, w e further assum e that:

The errors, , are:

N orm ally distributed w ith m ean zero, and

H om oscedastic (all having the sam e variance)

There is no (or suitably sm all) m ulticollinearity betw een the , and

Errors have no autocorrelation ‌ know ledge of the previous error should not give any
inform ation about the next error.

V iolations of these assum ptions can lead to very strange results. It is, therefore, w orth doing
som e quick checks beforehand to see if they seem  to be roughly m et. Variations, such as
ridge regression, instead m inim ize a penalized version of the sum  of squared errors. This
approach is less susceptible to overfitting based on outlying points, m aking the m odel less
com plex, and also deals w ith som e of the problem s of m ulticollinearity betw een the various 

.

Linear regression is often used in finance in the m odeling of financial tim e series, given that
w e often have only sm all datasets for learning param eters. This is particularly the case if w e
are lim ited to using daily or low er-frequency data. This contrasts to techniques such as neural
netw orks, w hich have m any m ore param eters and hence need m uch m ore training data to
learn these param eters. A nother benefit of linear regressions is that w e can often m ore easily
explain the output (w ithin reason, provided there are not too m any variables).

This ability to explain the output of a m odel is im portant in areas such as finance, particularly
if w e are trying to do higher-level tasks, such as generate a trading signal. It tends to be less
im portant w here w e are trying to autom ate relatively m anual tasks, w here w e can m ore
readily explain a ―ground truth.‖ These can include cleaning a dataset or doing natural



language processing on a text.

For an exam ple of how  linear regression can be used specifically for alternative data m odels,
see C hapter 10, w here w e use it to create trading strategies for autom otive stocks, based on
traditional equity ratios and also an alternative dataset based on autom otive supply chains.
Linear regression is also used in m any other instances in this book, to help m odel estim ates
such as earnings per share, using input variables such as physical custom er traffic data
derived from  location data (see C hapter 14), and using input variables like retailer car park
counts derived from  satellite im agery (see C hapter 13).

FIG U R E  4.2 V isualizing linear regression.

4.2.4.2. Logistic Regression
Logistic regression is to classification w hat linear regression is to regression. It is, therefore,
one of the first m achine learning m ethods one should learn. Like linear regression, logistic
regression takes a set of inputs and com bines them  in a linear fashion to get an output value.
If this output value is above som e threshold, w e classify those inputs as group  and
otherw ise as group  (see Figure 4.3). A s doing things on a linear scale is slightly confusing,



logistic regression converts this linear value to a probability through the use of the logistic
function, .

Putting this all together, w e calculate the probability that the inputs belong to group  by
calculating , or , and classify the inputs to group 

if  and to group  otherw ise.7 Sim ilar to linear regression, logistic regression
assum es that there is little to no m ulticollinearity betw een the . H ow ever, as w e apply a
nonlinear transform ation here, instead of requiring a linear relationship betw een the  and 

, w e instead require a linear relationship betw een the  and , the log-odds.

The only strict constraint is that an increase in each of the features should alw ays lead to an
increase/decrease in the probability of belonging to a class (i.e. increase alw ays causes
increase or increase alw ays causes decrease). Like linear regression, logistic regression is
likely the first m odel one should attem pt w hen trying to classify som ething based on just a
few  inputs (i.e. not perform ing som ething like im age classification, although it is possible in
theory).

FIG U R E  4.3 V isualizing logistic regression.



Logistic regression could be used in a variety of situations w ithin finance. Som e obvious
areas could include classification of different m arket regim es. W e could seek to create a
m odel to classify if m arkets w ere ranging or trending. Typical inputs of such a m odel could
include price data for the asset w e w ere seeking to identify and also volatility. Typically,
low er levels of volatility are related to ranging m arkets w hile increasing levels of volatility
tend to be an indication of trend. A  sim ple approach could be used to identify the various risk
regim es of a m arket, using various risk factors as inputs. These risk factors could include
credit spreads, im plied volatility across various m arkets, and so on. W e could also include
alternative datasets such as new s volum e or readership figures. For exam ple, in C hapter 15,
w e discuss how  new s volum e can be a useful indicator to m odel m arket volatility and w e also
give specific exam ples around m acroeconom ic events like FO M C  m eetings.

4.2.4.3. Softm ax Regression
A lthough pow erful, logistic regression, in the form  described above, does not handle the case
of m ultiple classes. Say w e w ant to predict w hether a stock w ill experience returns below  

, from   to , or above . H ow  do w e handle this w ith logistic regression?
This is w here softm ax regression (aka m ultinom ial logistic regression) com es in. W e w on't
get into the m athem atics of w hy softm ax regression is the natural extension of logistic
regression, but sim ply state its form ula. In softm ax regression, for  classes, w e take:

This allow s us to predict the class of som ething in a very sim ilar fashion to logistic
regression, only this tim e w ith m ore than tw o classes. H ere it is com m on to take the class
w ith the highest ―probability‖ as w hat w e classify the inputs to.

4.2.4.4. Decision Trees
U nlike previously m entioned m ethods, decision trees can be used for both classification and
regression. Essentially, decision trees boil dow n to a series of decisions, such as ―Is
?‖ The results of these decisions instruct us on w hich branch of the tree to follow , left or
right. In this w ay, w e can arrive at a set of leaves at the end of our tree. These leaves can feed
either to a class (i.e. classify som ething) or to a continuous variable (i.e. regress som ething).8
G enerally, for regression, the leaf node  outputs the average value of the dependent
variable for all data points that pass the set of rules to arrive at leaf . B ecause of their
structure, decision trees can easily take in both categorical and continuous variables as
inputs. Furtherm ore, decision trees have none of the linearity assum ptions that linear and
logistic regression have. Finally, they autom atically perform  w hat w e call feature selection
through their training. A fter w e have trained our m odel, there m ay be features that are not
used in our tree, an indication that these features are unnecessary.



4.2.4.5. Random  Forests
R andom  forests are an extension of decision trees that m ake use of the ―w isdom  of the
crow d‖ m antra, sim ilar to the efficient m arket hypothesis. A lthough each individual decision
tree is often not particularly perform ant in itself, if w e can train lots of them , their average
probably is, assum ing w e don't just have all trees predicting the sam e thing. To achieve this,
w e first perform  w hat is called bagging. B agging consists of training on only a random  subset
of the available data. This leads to different trees through different training sets. To further
arrive at different trees, instead of random ly selecting data for each tree, at each new  node,
w e only allow  the algorithm  to select from  a random  subset of the available features w hen
deciding w hich to m ake a split on. This stops all trees deciding to split on, say,  first, thus
leading to an even m ore diverse set of trees. Finally, now  that w e have a group of, hopefully,
different trees, w e take their average prediction as our overall prediction. This group of trees
is our random  forest. For a use case of random  forests in filling m issing values in the case of
tim e series data, see C hapter 7.

4.2.4.6. Support Vector M achines
Support vector m achines (SV M s) essentially boil dow n to finding a line (hyperplane) that
best separates tw o different classes of data points. In fact, SV M s are very sim ilar to logistic
regression in this sense. W here they differ, how ever, is how  this is achieved. Logistic
regression trains to m axim ize the likelihood of the sam ple. SV M s train to m axim ize the
distance betw een the decision boundary (line/hyperplane) and the data points. Figure 4.4
show s an exam ple of a decision boundary in black along w ith the distance of the nearest
points for each class. O bviously, this cannot alw ays be done by a straight line. If w e w ould
like to create a m odel to classify different m arket regim es, SV M  can be considered as an
alternative to using logistic regression, w hich has historically been used for such m odels.

A n im portant point is that logistic regression is m ore sensitive to outliers than SV M  due to
the loss function used. N ote that it isn't alw ays the case that having less sensitivity to outliers
is advantageous.



FIG U R E  4.4 SV M  exam ple: The black line is the decision boundary.

W hile logistic regression outputs a probability of belonging to each class (it is generative),
SV M s sim ply classify each data point (they are discrim inative) and so w e don't get a sense of
w hether data points w ere ―obviously‖ in a class, such as , or som ew here betw een
tw o classes (on the border), such as .

A  benefit of SV M s, how ever, com es in how  they deal w ith nonlinear relationships. Since
their invention in 1963, m athem aticians cam e up w ith the ―kernel trick‖ so that SV M s can
support nonlinear decision boundaries. G enerally, a kernel is used to em bed the data in a
higher-dim ensional space. In this new  space, w e m ay be able to find a linear decision
boundary, after w hich w e can transform  back to the original space, resulting in a nonlinear
decision boundary. In Figure 4.5, w e illustrate the kernel trick. W e first present a tw o-
dim ensional space. W e can see that it is difficult to separate the tw o clusters from  draw ing a
straight line. B y converting to a higher-dim ensional space, in this case of dim ension three, w e
find that it is now  possible to separate out the points w ith a linear hyperplane.

SV M s have been show n to perform  w ell for im age classification. W hile they do not perform
as w ell as C N N s9 w hen there is a large am ount of training data at hand (e.g. for im age



recognition), for sm aller datasets they tend to outperform  them .

4.2.4.7. Naíve Bayes
The final supervised learning m ethod w e w ill m ention is naíve B ayes. N aíve B ayes is a
classification algorithm  that uses the critical assum ption that the value of each feature, , is
independent of the value of any other feature, , given the class variable, .

U sing B ayes' theorem , w e have that:

FIG U R E  4.5 K ernel trick exam ple.

In this form ula the follow ing assum ption w as m ade:

(i.e. the features are independent given the class ). There is not a single algorithm  for
training naíve B ayes classifiers, but rather a fam ily of algorithm s based on the
aforem entioned assum ption.

If the assum ption of naíve B ayes is satisfied, it generally perform s very w ell; how ever, it still
can perform  w ell if it is violated. N aíve B ayes often only requires a sm all am ount of data to
train on; how ever, given enough data, it is often surpassed in its predictive ability by other
m ethods, such as random  forests.

N aíve B ayes has been show n to be useful for natural language processing and, therefore, can
be useful for sentim ent analysis. W e discuss natural language processing in m ore detail in
Section 4.6.



4.2.5. Clustering-Based Unsupervised M achine Learning Techniques

4.2.5.1. K-M eans
K -m eans attem pts to group data points into  groups/clusters. Essentially it random ly
assigns  ―m eans‖ in our data, groups each data point to a ―m ean‖ via som e distance
function, and recalculates the m ean of each group. It iterates this process of assigning data
points to a group/m ean and recalculating m ean locations until there is no change. A s new
data points arrive, w e can, therefore, assign them  to one of these groups. K -m eans is used in
C hapter 7 to describe the m issingness patterns w ithin the data. W e also use it in C hapter 9, in
a case study based on Fed com m unication events. There, w e find that K -m eans is particularly
effective in identifying outliers in am ong the various Fed com m unication events.

A s w ith other clustering algorithm s, it also has applicability for identifying sim ilar groups of
stocks. A s w e noted earlier in this chapter, typically, stocks tend to be grouped together based
on sectors that have been picked by experts. H ow ever, in practice, w hen using clustering
algorithm s based on their price m oves, w e m ight discover dependencies betw een stocks that
are not necessarily explained by such sector classifications. Furtherm ore, such approaches
are far m ore dynam ic than arbitrary sector classifications, w hich rarely change over tim e.

4.2.5.2. Hierarchical Clustering
R ather than assum e centroids/m eans for clusters, hierarchical cluster analysis (H C A )
assum es either that all data points are their ow n cluster, or that all data points are in one
cluster. It m oves betw een these tw o extrem es, adding or rem oving to the clusters based on
som e notion of distance. A n exam ple m ight be to start w ith all data points in separate
clusters, linking them  together according to w hichever data point/cluster is nearest to another.
This continues this until one ends up w ith one large cluster. This w ay one can have any
num ber of clusters  according to the hierarchy one builds by linking clusters together.

If w e think of portfolio optim ization, M arkovitz's critical line approach uses optim ization
based on forecasted returns, w hich is hard to estim ate. The results can often be quite unstable
and can som etim es concentrate risk in a specific asset. R isk parity, on the other hand, doesn't
use covariance, and instead w eights 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 m atrix, but instead
uses the covariance m atrix to create clusters, and then diversifies the portfolio w eights
betw een the various clusters.

4.2.6. O ther Unsupervised M achine Learning Techniques
O ther than clustering, there are m any other w ays in w hich w e can explore our unlabeled data.

4.2.6.1. Principle Com ponent Analysis



Principle com ponent analysis (PC A ) consists of trying to find a new  set of orthogonal axes
for our data, w ith each successive axis explaining less of the variance than the previous. B y
doing this, w e can select a sm all subset of our new  axes to use w hile still being able to
explain the m ajority of the variance in the data. PC A  can, therefore, be seen as a sort of
com pression algorithm . O ne exam ple of PC A  w ithin finance is in interest rate sw aps (IR Ss)
w here the first three principal com ponents explain the level, slope, and curvature of the IR S
curve, typically explaining 90‌99%  of the variance. Singular value decom position, an
extension of PC A  called singular value decom position (SV D ), is used in C hapter 8 to
reconstruct tim e series and im ages w ith m issing points.

4.2.6.2. Autoencoders
A lthough w e don't describe them  fully now , autoencoders are sim ilar to PC A  in that they
allow  us to express our data via a different representation (encoding) and are typically used
for dim ensionality reduction. They are also useful in allow ing m odels to learn w hich
com binations of categorical inputs are sim ilar. For m ore inform ation on autoencoders, see
Section 4.2.8.

4.2.7. M achine Learning Libraries
In this section, w e describe tw o of the m ost popular m achine learning libraries that w e also
use for the use cases w e w ill explore later.

4.2.7.1. scikit-learn
The absolute go-to m achine learning Python library for alm ost all of the above m ethods is
scikit-learn. It offers a high-level A PI for a plethora of the m ost popular m achine learning
algorithm s also offering preprocessing and m odel selection capabilities.

4.2.7.2. glm net
A s the nam e w ould suggest, glm net is used for running general linear m odels. O riginally
w ritten for the R  program m ing language, there are now  both Python and M atlab ports. It
offers m ethods to train linear, logistic, m ultinom ial, Poisson, and C ox regression m odels. It
has a m ore statistics-focused set of algorithm s than scikit-learn, offering  values and such
for trained m odels.

4.2.8. Neutral Netw orks and Deep Learning
N ow  that w e have been introduced to the basics of m achine learning, let us discuss the
current hot topic, neural netw orks. They have m any applications, especially w hen dealing
w ith unstructured data, w hich is essentially m ost of the alternative data w orld. R oughly
speaking, a neural netw ork is a collection of nodes (aka neurons), w eights (slopes), biases
(intercepts), directed edges (arrow s), and activation functions. The nodes are sorted into
layers, typically w ith an input layer,  hidden layers, and an output layer. For every
layer other than the input layer, each node has nodes from  previous layers fed into it (via the



directed edges), each of w hich is m ultiplied by som e w eight, sum m ed together and added to
a bias.10 The node output is generated by applying an activation function to this w eighted
sum .
U ltim ately, w e need to fit the various param eters of the neural netw ork to the data. A s w ith
other m achine learning techniques, this involves selecting a set of w eights and bias in order
to m inim ize a loss function. The first step is to random ly initialize the various w eights of the
m odel. W e can then do forw ard propagation, to com pute the node output from  the inputs and
random ized param eters. The output from  this random ized m odel is then com pared to the
actual output w e w ant by com puting the loss function. In the context of a trading strategy, our
m odel output could be the returns.

The next step is to select new  w eights, so that w e can reduce the loss function. W e could
attem pt to do this by brute force. H ow ever, this is typically not feasible given the num ber of
param eters in m any neural netw orks. Instead, w e take the derivative of the loss function to
understand this w ill give us the sensitivity of the various w eights w ith respect to the loss
function. W e can then backpropagate the loss from  the loss at the output to the input nodes.
The next step is to update the w eights, depending on the sign of the derivative. If the
derivative is positive, it m eans that m aking the w eight greater w ill increase the error, hence
w e need to reduce the size of that w eight. C onversely, a negative derivative im plies w e
should m ake the w eight greater.

W e then loop back to the beginning and start again, w ith our new  updated w eights, rather
than the random ized w eights. This exercise is repeated till our m odel converges to an
acceptable tolerance. The learning rate w ill govern how  m uch w e ―bum p‖ the w eight. The
step size needs to be sufficiently sm all for the search not to skip over local optim a. H ow ever,
if the step size is too sm all, it w ill be com putationally m ore expensive to find a solution,
given that w e w ill end up doing m any m ore loops.

W e shall now  follow  w ith som e exam ples of neural netw orks, and also how  to represent other
statistical m odels like linear regressions as neural netw orks.

4.2.8.1. Introductory Exam ples

4.2.8.1.1. Linear regression as a neural netw ork    In Figure 4.6 w e have an input layer, an
output layer, and no hidden layers. W e have 2 nodes in our input layer,  and , and 
node in our output layer, . For the output layer, each node in the previous layer (here our
input layer) has an associated w eight,  and . W e also have a bias, . To ―feed
forw ard‖ from  our input layer to our output layer, w e m ultiply each input by its w eight, sum
all the results together, and add on the bias. In the case of Figure 4.2 w e, therefore, have 

, or , our standard linear regression equation.

4.2.8.1.2. Single class logistic regression as a neural netw ork    You m ay notice that w e
originally m entioned activation functions, but w e have not used them  so far. To illustrate the
use of an activation function, w e now  dem onstrate logistic regression. Sim ilar to before, w e



have  input nodes and  output node (see Figure 4.7). H ere, how ever, instead of the output
node having an associated bias and w eights for the previous layer, it now  also has an
associated activation function, , the logistic (also know n as the expit) function, w ith 

. H ere, the equation becom es , or 

, the standard logistic regression equation. W e could say then that
previously w e used the identity function  as the activation function.

4.2.8.1.3. Softm ax regression as a neural netw ork    Finally, w e now  show  m ulti-class logistic
regression (see Figure 4.8). N otice here that each node on the input layer now  has tw o
w eights associated w ith it, each pertaining to a different node in the next layer. This is w hy it
m akes m ore sense to think of the w eights as ―belonging‖ to the node they feed into (and
storing them  in a vector). For the activation functions, how ever, they are all the sam e across
this layer, , as is usually the case. From  this hidden layer, w e then apply
another ―activation function‖ by norm alizing our scores so that they sum  to  to represent

probabilities, . A lternatively, w e could have represented this w ith just input

and output layers w ith a slightly m ore com plex activation function, the softm ax function.



FIG U R E  4.6 V isualizing linear regression as a neural netw ork.



FIG U R E  4.7 V isualizing logistic regression as a neural netw ork.



FIG U R E  4.8 V isualizing softm ax regression as a neural netw ork.

H opefully, from  these exam ples, w e can see that, roughly speaking, a neural netw ork is a
system  of layers of nodes, each of w hich feeds forw ard tow ard som e output, w hether that be
continuous variables for regression, or class probabilities for classification. It is easy to see
how  m ore and m ore of these layers could be added to m ove further and further aw ay from
the ―nice,‖ ―standard‖ functions w e apply to an input and create highly nonlinear, difficult-to-
describe relationships betw een our input and output vectors.

4.2.8.2. Com m on Types of Neural Netw orks
Linear, logistic, and softm ax regressions are actually all types of feed forw ard neural netw ork
(N N ). A lthough this is one of the m ost popular types of N N , m any others exist. A  few
popular exam ples are:

A  feed forw ard neural netw ork is a type of neural netw ork w here connections betw een
the nodes do not form  a cycle. In these netw orks, the inform ation is only passed
forw ard, from  the input layer, through the hidden layers (if there are any), and to the
output layer. A ll those show n in the previous sections are types of feed forw ard neural



netw orks. Feed forw ard netw orks are generally further split into tw o m ain types:

A  m ulti-layer perceptron (M LP) is the m ost standard form  of neural netw ork. It
consists of an input layer, som e num ber 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. Specifically, all those show n in the previous sections are M LPs. A s
show n, they can be used for both regression and classification.

FIG U R E  4.9 M ulti-layer perceptron w ith 1 hidden layer.



C onvolutional neural netw orks (C N N s) are popular for problem s w here there is
som e sort of structure betw een the inputs, such as in an im age w here adjacent
pixels give inform ation about the pixel in question. They are in fact a type of feed
forw ard N N , but typically the 2D /3D  structure is kept intact (see Figure 4.10).
G enerally, one passes som e sort of ―scanner‖ or ―kernel‖ over the structure, w hich
takes in som e n-by-n(-by-n) subset of the im age and applies a function to it, before
m oving one step right and doing the sam e. This process is repeated across the
im age from  left to right, top to bottom , until w e then have som e new  layer of
transform ed im ages. These layers are built up in a sim ilar w ay to a standard feed
forw ard N N  to eventually yield an output layer. C N N s are particularly good at
im age detection, both in classifying an im age and finding objects w ithin an im age.
W e discuss these in Section 4.5.2, in the context of structuring im ages.

R ecurrent neural netw orks (R N N s) are a class of artificial neural netw orks w here
connections betw een nodes do not have to point ―forw ard‖ tow ard the output, but rather
can point in any direction other than back to the input layer. This allow s it to exhibit
tem poral dynam ic behavior. U nlike feed forw ard neural netw orks, R N N s can use these
loops (w hich act like m em ory) to process a sequence of inputs. A s such, they are useful
for tasks such as connected handw riting or speech recognition. G iven their tem poral
nature, the hope is that they could provide a breakthrough in financial tim e series
m odeling. LSTM s (long short-term  m em ory) are an extension of R N N s, w hich enable
longer-term  dependencies in tim e to be m odeled.

A utoencoder neural netw orks are designed for unsupervised learning. They are
popularly used as a data com pression m odel to encode input into a sm aller dim ensional
representation, sim ilar to principal com ponent analysis (PC A ). They are trained by first
converting to this low er-dim ensional representation, before then being decoded to
reconstruct the inputs back in the original dim ensions, w ith the loss function increasing
the m ore the reconstructed im age deviates from  the original. W e can then take the layers
that reduce the dim ensionality of our inputs and use this new  output (our encoding) as
inputs in a separate m odel.



FIG U R E  4.10 C onvolutional neutral netw ork w ith 3 convolutional layers and 2 flat
layers.

G enerative adversarial neural netw orks (G A N s) consist of any 2 netw orks w orking
together, typically a C N N  and an M LP, w here one is tasked to generate content
(generative m odel) and the other to judge content (discrim inative m odel). The
discrim inative m odel m ust decide if the output of the generative m odel looks natural
enough (i.e. is classified as w hatever the discrim inative m odel is trained on). The
generator attem pts to beat the discrim inator and vice versa. Through alternating training
sessions, one hopes to im prove both m odels until the generated sam ples are
indistinguishable from  the real w orld. G A N s are a current hot topic and look as though
they could be very useful for im age/speech generation. A  particular use w ithin finance
could be artificial tim e series generation as discussed by Pardo (2019), as discussed
earlier in this chapter w hen talking about reinforcem ent learning. H ence, w e can create
tim e series that have the characteristics of specific assets (e.g. V IX  or S& P 500).
G enerating these datasets w ould allow  us to create unlim ited training data to further
develop reinforcem ent learning‌based m odels.

4.2.8.3. W hat Is Deep Learning?
D eep learning (D L) involves the use of neural netw orks having m any hidden layers (i.e.
―deep‖ N N s). This depth allow s them  to represent highly nonlinear functions that pick up on
nonobvious relationships w ithin the data. This contrasts to m ore traditional types of m achine
learning, w here w e typically spend a large am ount of tim e doing feature engineering, w hich
relies upon our dom ain know ledge and understanding of the problem  at hand. LeC un,
B engio, and H inton (2015) give the exam ple of w hen deep learning has been applied to the



problem  of im age recognition. The problem  of im age recognition is often cited as being one
of the m ajor successes of deep learning. Typically, the first layer w ill try to pick up edges in
specific areas of the im age. B y contrast, the second layer w ill focus on patterns m ade up of
edges. The third layer w ill then identify com binations of m otifs that could represent objects.
In all these instances, a hum an hasn't m ade these features; they are all generated from  the
learning process.

D ue to their large num ber of param eters, they require a very large training set in order not to
overfit. H ow ever, it also allow s them  to be extrem ely flexible and pick up on highly
nonlinear relationships, often resulting in less feature engineering being required, although
there m ight still w ell be a certain am ount of hand tuning involved, such as understanding the
num ber of layers, w hich w e should include in the m odel.

4.2.8.4. Neutral Netw ork and Deep Learning Libraries

4.2.8.4.1. Low -level deep learning and neutral netw ork libraries    Theano and TensorFlow
are to N N  libraries as N um Py is to SciPy, scikit-learn, and scikit-im age. W ithout N um Py,
m any popular scientific com puting libraries w ould not exist today and, sim ilarly, w ithout
either Theano or TensorFlow , m any of the higher-level deep learning libraries popular today
w ould not exist. B elow  w e describe them  in m ore detail and also outline PyTorch.

T heano. Theano is a Python library used to define, optim ize, evaluate, and analyze
neural netw orks. Theano heavily utilizes N um Py w hile supporting G PU s in a
transparent m anner. M uch like N um Py, although you could build a com plete N N  using
Theano, you probably don't w ant to, in the sam e w ay that you usually don't w ant to
build a logistic regressor from  scratch in N um Py, but rather using scikit-learn. Instead,
Theano is a library that is often w rapped around by other libraries providing m ore user-
friendly A PIs, at the cost of flexibilityµ

TensorFlow . Like Theano, TensorFlow  is another library that can be utilized to build
N N s. O riginally developed by G oogle, it is now  open source and extrem ely popular.

PyTorch. M ore recently, PyTorch has been developed as an alternative to Theano and
TensorFlow . It uses a vastly different structure to the aforem entioned that results in
slow er perform ance but is easier to read and, therefore, easier to debug code. PyTorch
has becom e popular for research purposes, w hereas Theano and TensorFlow  are m ore
popular for production purposes.

N ext, w e com pare these various libraries in m ore detail.

PyTorch versus TensorFlow /T heano. So w hy w ould one prefer PyTorch over
TensorFlow /Theano? The answ er is static versus dynam ic graphs. W e w on't get into the
nitty-gritty of w hat static and dynam ic graphs are; how ever, in sum m ary, PyTorch
allow s you to define and change nodes ―as you go,‖ w hereas in TensorFlow  and Theano,
everything m ust be set up first and then run. This gives PyTorch m ore flexibility and
m akes it easier to debug but also m akes it slow er. Furtherm ore, som e types of N N
benefit from  the dynam ic structure. Take an R N N  used for natural language processing



(N LP). W ith a static graph, the input sequence length m ust stay constant. This m eans
you w ould have to set som e theoretical upper bound on sentence length and pad shorter
sentences w ith 0s. W ith dynam ic graphs, w e can allow  the num ber of input nodes to
vary as is appropriate.

T heano versus TensorFlow . If one has decided on Theano or TensorFlow  over
PyTorch, the next decision is, therefore, Theano or TensorFlow . W hen deciding betw een
the tw o, it is im portant to consider a few  things:

Theano is faster than TensorFlow  on a single G PU , w hereas TensorFlow  is better
for m ultiple G PU s/distributed system s, as m any of those in production are today.

Theano is slightly m ore verbose, giving m ore finely grained control at the expense
of coding speed.

M ost im portantly, how ever, the M ontreal Institute for Learning A lgorithm s
(M ILA ) have announced that they have stopped developing Theano since the 1.0
release. Indeed since 2017, there have only been very m inor releases.

A s such, the general consensus seem s to be that people prefer TensorFlow , w ith
TensorFlow  having 41,536 users, 8,585 w atchers, and 129,272 stars on G itH ub to
Theano's 5,659, 591, and 8,814 respectively at tim e of print.

It is som ew hat a case of ―horses for courses,‖ how ever. TensorFlow  is likely the safer bet if
one m ust decide betw een the tw o. A nother consideration w hen it com es to perform ance is the
cloud environm ent one is using.

4.2.8.4.2. H igh-level deep learning and neutral netw ork libraries    For m any purposes, users
m ight prefer higher-level libraries to interact w ith neural netw orks, w hich strip aw ay som e of
the com plexity of dealing w ith low -level libraries like TensorFlow .

K eras. A s previously m entioned, there exist m any equivalents to scikit-learn, but for
N N s, the m ost popular of w hich is probably K eras. K eras provides a high-level A PI to
either TensorFlow  or Theano; how ever, K eras is optim ized for use w ith Theano. G oogle
have integrated K eras into TensorFlow  from  version 2 onw ards.

T F L earn. Like K eras, TF Learn is a high-level A PI, how ever, this tim e optim ized for
TensorFlow . Strangely, although TF Learn w as developed w ith TensorFlow  in m ind, it is
K eras that seem s to be m ore popular on G itH ub w ith 27,387 users, 2,031 w atchers, and
41,877 stars to TF Learn's 1,500, 489, 9,121 respectively at the tim e of w riting. In that
sense, it is not as clear w hich of the tw o to use betw een K eras or TF Learn as it is w ith
Theano and TensorFlow .

4.2.8.4.3. M iddle level deep learning and neutral netw ork libraries

L asagne. Lasagne is a lightw eight library used to construct and train netw orks in
Theano, being less heavily w rapped around Theano than K eras is, providing few er
restraints at the cost of m ore verbose code. Lasagne acts as a m iddle ground betw een



Theano and K eras.

4.2.8.4.4. O ther fram ew orks    W hile TensorFlow  has becom e one of the m ost dom inant
libraries for neural netw orks and has becom e a core part of m any higher-level libraries, it is
w orth noting that there are fram ew orks available, som e of w hich w e discuss here.

(A pache) M X N et. A lthough it offers a Python A PI, M X N et is technically a fram ew ork
rather than a library. The reason w e discuss it is that, although it does have a Python
A PI, it also supports m any other languages, including C ++, R , M atlab, and JavaScript.
Furtherm ore, M X N et is developed by A m azon and, as such, w as built w ith AW S in
m ind. A lthough M X N et takes a bit m ore code to set up, it is w ell w orth it if you plan to
perform  a large am ount of distributed com puting using, say, AW S, A zure, or YA R N
clusters. Finally, M X N et offers both an im perative program m ing (dynam ic graph)
structure, like PyTorch, and a declarative program m ing (static graph) structure, like
Theano and TensorFlow .

C affe. U nlike the other fram ew orks previously m entioned, C affe does not provide a
Python A PI in the sam e w ay that the others do. Instead, you define your m odel
architecture and solver m ethods in JSO N -like files called .prototxt configuration files.
The C affe binaries use these .prototxt files as input and train your netw ork. O nce
trained, you can classify new  im ages using the C affe binaries or through a Python A PI.
The benefit of this is speed. C affe is im plem ented in pure C ++ and C U D A , allow ing
roughly 60 m illion im ages per day to be processed on a K 40 G PU ; how ever, it can m ake
training and using m odels cum bersom e, w ith program m atic hyperparam eter tuning
being particularly difficult.

4.2.8.4.5. Processing libraries    A nother thing to consider w hen using alternative data is
preparing your data. A lthough data vendors m ay provide you w ith the raw  data you require,
it m ay not be labeled or processed for you. H ere w e focus on general-purpose libraries. Later,
in the book, w e also discuss libraries specifically relevant for com m on tasks in structuring
alternative data, nam ely im age processing and natural language processing.

N um Py. A lthough you probably know  about N um Py already, m any do not utilize it to
its full extent. N um Py can be particularly useful w hen utilized properly due to its
vectorized functions. W ant to create an im age m ask? If your im age is loaded into a
num py.ndarray, sim ply type mask = image < 87. W ant to set pixels under that m ask to
w hite? image[mask] = 255. A lthough rudim entary, N um Py is very pow erful and should
not be overlooked.

Pandas. Sim ilar to N um Py, Pandas has an enorm ous arsenal of useful (vectorized)
functions for us to use, m aking data preprocessing far easier than w ith standard Python
alone.

SciPy. W hat can be thought of as an extension of N um Py, SciPy offers another vast set
of useful preprocessing functions. From  splines to Fourier transform s, if there is som e
special m athem atical/physical function you desire, SciPy is the first place you should



look.

4.2.9. G aussian Processes
In this section, w e hint at another useful technique that has com e to the fore recently ‌
G aussian processes (G P). G Ps are general statistical m odels for nonlinear regression and
classification that have recently received w ide attention in the m achine learning com m unity.
G iven that any prediction is probabilistic w hen w e use G aussian processes, w e can construct
confidence intervals to understand how  good the fit is. M urphy (2012) notes that having this
probabilistic output is useful for certain applications, w hich include online tracking of vision
and robotics. It is also reasonable to conclude that such probabilistic inform ation is likely to
be useful w hen it com es to m aking financial forecasts.

G aussian processes w ere originally introduced in geostatistics (w here they are know n under
the nam e ―K riging‖). They can be also used to com bine heterogeneous data sources, w hich
occurs frequently in alternative (and non-alternative) data applications. W ork has been done
in this area by G hosal et al. (2016), w ho use G Ps to com bine the follow ing data sources:
technical indicators, sentim ent, option prices, and broker recom m endations to predict the
return on the S& P 500. B efore discussing the paper of G hosal (2016), w e w ill briefly
illustrate G aussian processes based on that paper. For m ore details w e refer the reader to
R asm ussen (2003).

A  G aussian process is a collection of random  variables, any finite subset of w hich has a joint
G aussian distribution. G aussian processes are fully param etrized by a m ean function and
covariance function, or kernel. G iven a real process, , a G aussian process is w ritten as:

w ith  and  respectively the m ean and covariance functions:

w ith centered input set , output set . The G aussian
Process , the distribution of  is a m ultivariate G aussian:

w here . C onditional on , w e have:

w here  param eterizes the noise. D ue to the G aussian distribution being self-conjugate, w e



have the follow ing m arginalization (independent of , i.e. for a point in general, possibly
w here w e have no observations):

W hen it com es to m aking a prediction, , at som e new  unseen point,  (i.e. conditioning
on the training data) w e then have that:

w here ,  and .

This setup allow s us to encode prior know ledge of  through the covariance function 
 w ith observation data to create a posterior distribution based on our observations.

The choice of , often called a kernel, allow s us to dictate w hat behavior w e w ould expect
from  points based on their proxim ity to one another. O ne such as the G aussian R adial B asis
Function allow s us to encode the fact that points nearby in vector space should realize sim ilar
values of .

A s C hapados (2007) points out, G aussian processes differ from  neural netw orks in that they
rely on a full B ayesian treatm ent, providing a com plete posterior distribution of forecasts. In
the case of regression, they are also com putationally relatively sim ple to im plem ent. In fact,
the basic m odel requires only solving a system  of linear equations, albeit one of size equal to
the num ber of training exam ples, that is, requiring  com putation. H ow ever, one of the
draw backs of G aussian processes is that they tend to be less w ell suited to higher-
dim ensional spaces.

A s explained by C hapados (2007), a problem  w ith m ore traditional linear and nonlinear
m odels is that m aking a forecast at m ultiple tim e horizons is done through iteration in a
m ulti-step fashion. Furtherm ore, conditioning inform ation, in the form  of m acroeconom ic
variables, can be of im portance, but exhibits the cum bersom e property of being released
periodically, w ith explanatory pow er that varies across the forecasting horizon. In other
w ords, w hen m aking a very long-horizon forecast, the m odel should not incorporate
conditioning inform ation in the sam e w ay as w hen m aking a short- or m edium -term  forecast.
A  possible solution to this problem  is to have m ultiple m odels for forecasting each tim e
series, one for each tim e scale. H ow ever, this is hard to w ork because it requires a high
degree of skill on the part of the m odeler, and is not am enable to robust autom ation w hen one
w ants to process hundreds of tim e series. C hapados (2007) offers a G P-based solution to
forecasting the com plete future trajectory of futures contracts spreads arising on the
com m odities m arkets.

A s for G hoshal (2016), they analyze 12 factors that are thought to be signals for the next
day's S& P 500 returns, split into technical, sentim ent, price-space, and broker-data groups.
They choose those deem ed to have a significant correlation w ith the target to analyze further,



nam ely; (1) 50-day SM A ; (2) 12-day, 26-day, exponential M A C D ; (3) Stocktw its sentim ent
factor; (4) a ―directionality‖ factor and; (5) a ―viscosity‖ factor. Testing both stationary and
adaptive G aussian process m odels, they show  that they can outperform  their
stationary/adaptive autoregressive m odel benchm arks in both cases, even w hen just using
factors from  one group. Furtherm ore, they also show  how  G P m odels can give us the
relevance of a factor (either stationary over a w hole period or adaptive over tim e). W e w ill
present an application of G Ps in the case study in C hapter 10.

4.3. W HICH TECHNIQ UE TO  CHO O SE?
There is no general-purpose algorithm  that can provide a best solution for all the problem s at
hand. Every problem , depending on its dom ain, com plexity, accuracy, and speed
requirem ents, m ight w arrant a different m ethodological approach, and hence w ill result in
different best-perform ing algorithm s. The no-free-lunch (N FL) theorem s have been stated
and proven in various settings11 centered on supervised learning and search. They show  that
no algorithm  perform s better than any other w hen their perform ance is averaged uniform ly
over all possible problem s of a particular type. This m eans that w e need to develop different
m odels and different training algorithm s for each of them  to cover the diversity of problem s
and constraints w e encounter in the real w orld.

W ith the m ass advent of unstructured data, w e m ay need to use m ore advanced techniques to
those traditionally used w ithin finance. For exam ple, the analysis of unstructured data such as
im ages cannot yield good results w ith the standard statistical tools. Logistic regression can be
used for this task, but the classification accuracy is generally low . There have been recent
developm ents in the m achine learning field that now  allow  us to analyze im ages, text, and
speech w ith a higher level of accuracy. D eep learning is one such developm ent. D eep
learning for a variety of im age recognition tasks, for exam ple, has surpassed hum an
perform ance.12 W e discussed deep learning in Section 4.2.8.

W e item ize the techniques typically used to solve the m ost com m on types of problem s, based
on our experience (see Table 4.1). The list is not exhaustive and techniques different from  the
ones in the list could also fare w ell, so the reader should take this list as a starting m ap, not an
absolute prescription. W e w ill describe typical use cases that are of interest to the financial
practitioner in the left colum n of the table. C orresponding suggestions are in the right
colum n, m any of w hich use m odels w e have discussed earlier in this chapter. W e also refer
the reader to K olanovic and K rishnam achari (2017), w hich has a larger list of various
finance-based problem s and potential m achine learning m ethods that can be used to solve
them .



TA B L E  4.1 Financial (and non-) problem s and suggested m odeling techniques.

M arket regim e identification H idden M arkov M odel

Future price direction of assets, basket of assets and
factors

Linear regression, LSTM 13

Future m agnitude of price change of assets, basket of
assets and factors

Linear regression, LSTM

Future volatility of assets, basket of assets and factors G A R C H  (and variants), LSTM
A ssets and factors clustering and how  it changes over
tim e

K -m eans clustering, SV M

A sset m ispriced to the m arket Linear regression, LSTM
Probability of an event occurring (e.g. m arket crash) R andom  forests
Forecast com pany and econom ic fundam entals Linear regression, LSTM
Forecast volum e and flow  of traded assets G A R C H  (and variants), LSTM
U nderstanding m arket drivers PC A
Events study (reaction of prices to specific events) Linear regression
M ixing of m ulti-frequency tim e series G aussian processes
Forecasting changes in liquidity of trading Linear regression, LSTM
Feature im portance in asset price m ovem ents R andom  forest
Structuring

Im ages C onvolutional neural netw orks

Text B ERT,14 X LN et15

Speech D eep neural netw orks‌H idden
M arkov m odel

V ideo C onvolutional neural netw orks
M issing data im putation M ultiple singular spectral analysis
Entity m atching D eep neural netw orks

In the latter part of this chapter w e give som e practical exam ples of using various techniques
for structuring im ages and text.

In order to select the best m ethod to analyze data, it is necessary to be acquainted w ith
different m achine learning approaches, their pros and cons, and the specifics of applying
these m odels to the financial dom ain. In addition to know ledge of m odels that are available,
successful application requires a strong understanding of the underlying data that are being
m odeled, as w ell as strong m arket intuition.



4.4. ASSUM PTIO NS AND LIM ITATIO NS O F THE
M ACHINE LEARNING  TECHNIQ UES
M achine learning and, in general, quantitative m odeling is based on assum ptions and choices
m ade at the m odeling stage w hose consequences w e m ust be aw are of. They seem  trivial but
in practice w e have seen a lack of aw areness about w hat these assum ptions entail. First, there
is difference betw een causality and correlation and it is the form er w e need m ost of the tim e
w hen m aking predictions. Second, nonstationary data m akes learning very difficult and
unstable in tim e, yielding unreliable results. Third, it is im portant to bear in m ind that a
dataset w e w ork on is alw ays a subset of variables that m ight drive a phenom enon. Precious
inform ation that can com plem ent a dataset m ight lie in other, different datasets, or even in
our expert know ledge. Last, the choice of the algorithm  m ust be determ ined given its know n
lim itations, the data at hand, and the business case. W e now  turn to discuss these aspects in
detail.

4.4.1. Causality
In the previous sections, w e have provided a list of suggested different m achine learning
techniques according to the use case but there is a com m on aspect (and a potential problem )
to m any of the applications that w e m ust be aw are of. In classification (prediction) tasks w e
alw ays try to learn the functional relationship betw een a set of inputs and an output(s). In
doing so, w e w ill likely encounter an old know n problem  ‌ spurious correlations, or
statistical coincidences. B ut even if a relationship betw een tw o variables is causal (i.e. there
is no third variable acting as a confounder), a neural netw ork, or even the m uch sim pler
linear regression, cannot tell the direction of causality, and hence input and output can be
exchanged finding equally strong association.

N evertheless, for certain tasks, in order to have a robust m odel, one that does not frequently
need recalibration and w hose results hold through tim e, solid dom ain-specific reasoning is
w arranted w hen building it.16 This is to say that the causes m ust be the inputs to a m odel
trying to predict an output (the effect). A s Pearl (2009) points out, causal m odels have a set
of desirable characteristics. To use his term inology, casting a treatm ent of a problem  in term s
of causation:

W ill m ake the judgm ents about the results ―robust‖

W ill m ake them  w ell suited to represent and respond to changes in the external
environm ent

W ill allow  the use of conceptual tools that are m ore ―stable‖ than probabilities

W ill also perm it extrapolation to situations or com binations of events that have not
occurred in history

W hen it com es to practicalities one m ust m ake sure that the processes by w hich the training
data is generated are stable and that the relationships being identified are relationships that



occur because of these stable causal processes. This can be a tricky task as m ost of the tim e
causal relationships betw een variables are not know n or nonexistent. H ow ever, w e m ust be
sure that w e have inputted the best of our dom ain know ledge into the problem  at hand. This
leads us to another im portant point: stationarity.

4.4.2. Non-stationarity
The lack of stationarity is very tricky to deal w ith and in m ost cases m achine learning m odels
cannot cope w ith it. In fact, learning alw ays assum es that the underlying probability
distribution of the data from  w hich inference is m ade stays the sam e. This is a condition that
is hardly encountered in practice. W e note that stationarity does not ensure good (or any)
predictive pow er as it is a necessary but nonsufficient condition for the high perform ance of
an algorithm . If w e take the exam ples w here deep learning has been particularly successful, it
has typically been w here the characteristics of the underlying dataset are relatively static,
such as identifying cats in photos17 or counting cars in parking lots or language translation.

The change in the distribution of data contained in developm ent/test datasets versus the data
in the real w orld on w hich a m odel is subsequently applied is called dataset shift (or drifting).
D ataset 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 betw een the independent and the target variable (concept shift). O nly the first
type has been extensively studied in the literature (see e.g. Sugiyam a, 2012) and there are
som e recipes of dealing w ith it w hile the other tw o are still being actively researched.

Financial tim e series exhibit non-stationarity, such that properties like their m ean and
variance can change significantly and the underlying probability distribution can change in a
totally unpredictable w ay. This can be particularly observed during periods of m arket
turbulence w here there are structural breaks in the tim e series of m any variables (e.g.
volatility). These can be especially brutal for, say, m anaged currencies, w here volatility is
kept artificially low  through central bank intervention and then explodes w hen central banks
no longer have sufficient funds to keep the currency w ithin a tight bound.

4.4.3. Restricted Inform ation Set
A nother im portant point is that any algorithm  is trained on a restricted inform ation set ‌ both
num ber of features and history ‌ given by the specific dataset. Thus the insights that can be
derived are inherently lim ited to w hat is contained in that dataset. In this sense, algorithm s
are blind to w hat happens outside of their narrow  w orld. Essentially, data you have does not
tell you about the data you do not have. To borrow  the term inology popularized by D onald
R um sfeld, these are essentially know n unknow ns.

This could becom e quite problem atic w hen trying to predict m arket crashes, w hich are rare
events. O ften early w arning indicators can be found by looking outside the dataset and be
integrated w ith the findings of an algorithm  that operates on that dataset. H ow ever, the
triggers for m arket crashes can vary significantly. For exam ple, indicators w ithin the
em erging m arkets m ay have been useful for predicting m any crises in the early 2000s and in



particular the A sian C risis in 1997. H ow ever, they w ould not have been as im portant for
predicting the global financial crisis, w hich em anated from  developed m arkets, such as in U S
subprim e, before spreading. Variables related to developed m arket credit spreads w ould have
been far m ore insightful in this instance than those related to em erging m arkets that m oved
later after the contagion. C om m only this can be done through a hum an-in-the-loop
intervention to correct or com plem ent the inputs/outputs of a m odel. In this case hum ans can
exceed algorithm s as know ledge of the context is som etim es m ore useful than tons of past
data. H um ans are som etim es extrem ely good at prediction w ith little data. W e can recognize
a face after seeing it only once or tw ice, even if w e see it from  a different angle or years after
w e last saw  it. D eep learning algorithm s, on the other hand, require hundreds if not thousands
of im ages in the training set.
See A graw al et al. (2018) for a m ore detailed reasoning on this topic. O f course, there are
also the unknow n unknow ns. These elude both m achines and hum ans. Last, in A graw al et
al.'s lingo (but not in R um sfeld's), there are the unknow n know ns w here the algorithm  gives
an answ er w ith a great confidence, but this can be spurious because the true underlying
causality is not understood by it. W e refer to A graw al et al. for m ore details.

4.4.4. The Algorithm  Choice
Finally, the choice of an algorithm  ‌ another assum ption ‌ w ill be im portant in the use case at
hand and it m ust be guided by the nature of the problem  w e are trying to solve and the
am ount of data available. A s already m entioned, there is no best-perform ing universal
algorithm . D eep learning m odels do an excellent job counting cars in parking lots, or
extracting sentim ent from  text, but they m ight not perform  as w ell w hen predicting financial
tim e series, in particular for low er-frequency data. W here data is particularly scarce, w e
could find that sim pler m achine learning techniques such as linear regression m ay be a better
choice than m ore com plicated deep learning approaches.

So w hat are the typical problem s w e face in finance? First, financial tim e series have a low
signal-to-noise ratio. Im age recognition system s are very sensitive to noise. H ence, for
instance, adding som e w hite noise to an im age could com pletely alter the result of a
classification. Second, the am ount of data is som etim es not sufficient because deep learning
is know n to be data greedy. W e can enlarge the sam ple to include m ore data points from  the
past. H ow ever, w e m ay encounter the non-stationarity issues discussed in Section 4.4.2 given
the continually changing nature of m arkets and the econom y. For exam ple, this approach is
unlikely to be useful to backtest a high-frequency trading strategy, if w e end up exam ining
historical periods w hen the m arket w as dom inated by hum an m arket m akers and had a very
different m arket m icrostructure. These types of m arkets w ere very different from  subsequent
periods w hen electronic traders have com e to dom inate short-term  price action.

W e could use deep learning techniques, such as LSTM  (long short-term  m em ory) to explore
tim e series from  high-frequency order book data. A s w e noted earlier in this chapter, the
benefit of LSTM  over ordinary recurrent neural netw orks (R N N s) is that they can capture
longer-term  dependencies in the data w hile also forgetting less relevant events. H ence,



LSTM s can learn over m any tim e steps. The ability to be able to explain these longer-term
dependencies is key to tim e series m odeling. Indeed, w ithout the ability to m odel longer term
relationships in a tim e series, w e w ould have difficulty m odeling m any patterns. These
patterns w ould, for exam ple, include those associated w ith seasonality (for exam ple, tim e of
day, day of the w eek, etc.).

In a high-frequency trading environm ent, w e have very large am ounts of data to train such a
m odel, not only the num ber of trades executed but also the m uch larger dataset of all
published quotes. Even in this instance, there are still likely to be m ultiple challenges, in
particular m aking sure that once a m odel is trained, it can be executed quickly. If a high-
frequency trading m odel cannot be run sufficiently quickly, then it w ill be im possible to
m onetize any of its trade recom m endations. H igh-frequency trading strategies are often very
latency sensitive.

B earing all these issues in m ind for the future, w e now  turn to discussing im age and text
structuring and understanding.

4.5. STRUCTURING  IM AG ES
4.5.1. Features and Feature Detection Algorithm s
W hen interpreting an im age, hum ans try to focus on im portant elem ents and often ignore
m uch of the im age. In a sense, w e are subconsciously doing a dim ensionality reduction of the
data. The principle is sim ilar in com puter vision w here w e m ight seek to convert an im age
into a feature vector. M any alternative datasets that are relevant for finance are originally
derived from  im ages. W hile it m ight be possible for a hum an to interpret an im age, w hen the
volum e of im ages becom es significant, this is not possible. H ence, having effective
autom ated techniques to process these im ages is im portant. In C hapter 13, w e specifically
give use cases for satellite im agery for investors. These datasets can be derived from  m any
thousands of im ages that w ould be very costly to process in a m anual w ay and w ould also be
prone to inconsistencies.

In im age recognition, w e essentially seek to extract im portant features from  an im age, w hich
w e hope are m ost useful for understanding its content. Salahat and Q asaim eh (2017) discuss
som e ideal properties of such features, w hich w e sum m arize here. Som e features w ithin the
im age can be related to boundaries. Edges occur w here there are sudden changes in the pixel
intensity. C orners, m eanw hile, occur w here edges join. Som e features are based on blobs or
regions. D ifferent blobs w ill be differentiated by differences in term s of brightness, color, and
so on. Figure 4.11 presents a sum m ary of various feature detector algorithm s, breaking them
dow n by their category and w hat their classifier is based on (Salahat and Q asaim eh, 2017).

So w hat are the ideal properties of features? Features should be distinctive so they can be
distinguished from  one another. They need to cover a relatively sm all area. In other w ords,
they need to be local. It needs to be com putationally efficient to com pute the features. This is
particularly relevant if w e are using them  for real-tim e applications, such as detecting objects



in real-tim e video feeds.

Features should be repeatable, so should be relatively stable from  fram e to fram e. For this to
be the case, they need to be invariant to changes in perspective and rotation. A  horse, for
exam ple, looks very different in profile com pared to head on. R egardless of the angle of its
im age, it is still very m uch a horse. Furtherm ore, they shouldn't be affected by factors
im pacting im age quality such as noise, blur, and com pression artifacts. In Figure 4.12, w e list
som e of the various feature detector algorithm s and how  they fare in term s of these various
idealized feature qualities from  Salahat and Q asaim eh (2017).

C ategory C lassification M ethods and A lgorithm s
Edge-
based

D ifferentiation
based

Sobel, C anny

C orner-
based

G radient
based

H arris (and its derivatives), K LT, Shi-Tom asi, LO C O C O , S-
LO C O C O

C orner-
based

Tem plate
based

FA ST, A G A ST, B R IEF, SU SA N , FA ST-ER

C orner-
based

C ontour based A N D D , D oG -curve, A C J, H yperbola fitting, etc.

C orner-
based

Learning
based

N M X , B EL, Pb, M S-Pb, gPb, SC G , SE,tPb, D SC , Sketch Tokens,
etc.

B lob
(interest
point)

PD E based SIFT (and its derivatives), SU R F (and its derivatives), C enSurE,
LoG , D oG , D oH , H essian (and its derivatives), R LO G , M O -G P,
D A RT, K A ZE, A -K A ZE, W A D E, etc.

B lob
(key
point)

Tem plate
based

O R B , B R ISK , FR EA K

B lob
(interest
region)

Segm entation
based

M SER  (and its derivatives), IB R , Salient R egions, EB R , B eta-
Stable, M FD , FLO G , B PLR

Source: B ased on data from  Salahat and Q asaim eh (2017).

FIG U R E  4.11 Various edge, corner, and blob-based feature detectors.



Features
D etector

R otation Invariance
Scale

A ffine R epeatability Q ualities
L ocalization
R obustness

R obustness E fficiency

H arris Y ‌ ‌ +++ +++ +++ ++
H essian Y ‌ ‌ +++ ++ ++ +
SU SA N Y ‌ ‌ ++ ++ ++ +++
H arris-
Laplace

Y Y ‌ +++ +++ ++ +

H essian-
Laplace

Y Y ‌ +++ +++ +++ +

D oG Y Y ‌ ++ ++ ++ ++
Salient
R egions

Y Y Y ++ + ++ +

SU R F Y Y ‌ ++ +++ ++ +++
SIFT Y Y ‌ ++ +++ +++ ++
M SER Y Y Y +++ +++ ++ +++

Source: B ased on data from  Salahat &  Q asaim eh (2017).

FIG U R E  4.12 D om inant feature detection algorithm s and their properties.

So how  can w e use these features in practice for a com puter vision problem  like im age
classification? The first step is to label the im ages w e have, for exam ple, ―burger‖ and
―other.‖ Then w e need to convert all the im ages into their respective feature vector
representations by using a feature detector algorithm . The problem  can then be solved as a
classification-style supervised m achine learning problem . In this instance, w e are essentially
trying to partition a high-dim ensional hyperspace into areas for ―burger‖ and ―other.‖ O ur
hyperspace consists of m any points, each of w hich feature a vector representing an im age.
W e could attem pt to use a linear m odel, such as logistic regression to partition this space.
H ow ever, it is likely that nonlinear techniques like SV M s (support vector m achines) w ould
yield better results.

4.5.2. Deep Learning and CNNs for Im age Classification
O ur discussion on com puter vision has largely centered on constructing feature vector
representations using feature detection algorithm s related to edges, corners, and blobs. This
approach seem s intuitive given its sim ilarity to the w ay w e interpret an im age. Is there a
better w ay to extract features that could yield better accuracy for exam ple for im age
recognition? Potentially can w e autom atically identify higher-level features? W ould this do a
better job than a feature detection algorithm  w here w e preprocess an im age for features based
on intuitive features like corners?



W e can use deep learning to ―discover‖ appropriate features, as m entioned earlier in this
chapter, as opposed to trying to create them  ourselves by hand (i.e. feature engineering). In
particular, convolutional neural netw orks have been successful in the area of im age
recognition, as w e m entioned earlier. A  C N N  essentially skips the step w here w e apply a
feature detection algorithm . Instead, it uses raw  pixel data as an input feature m ap, w here
each pixel is basically a vector consisting of entries of red, green, and blue values. W e can
think of the convolution operation as a sliding tile, w hich sw eeps over the original im age. A s
the tile slides over the im age on overlapping parts of the im age, it creates an output feature
m ap, constructing a dot product. In other w ords, it does a sum m ation over the elem entw ise
m ultiplications w ith a set of w eights. The size of the ―slide‖ is know n as the stride. D um oulin
and V isin (2018) explains the im pact of the stride and other factors in the convolution
operation.

This m atrix of w eights is know n as a filter. Traditionally, the filter w ould have been
handcrafted to pick up specific relatively intuitive features, such as a horizontal, vertical, or
diagonal edge. H ow ever, in this case, w e instead start w ith random ized w eights, w hich are
later ―fitted,‖ so w e can learn the im portant features, rather than prespecifying them .

It is com m on to have m ultiple filters applied, w hich increases the depth of the output. It is
im portant to note that the convolution step allow s us to keep som e of the relationship
betw een pixels that are near to each other. If this relationship w as lost, it w ould m ake it m uch
m ore difficult to m ake sense of the im age. The m ore filters are used, the m ore features can be
extracted by the C N N .

A  nonlinearity is then introduced to the convoluted feature using a R ectified Linear U nit
(R eLU ). The R eLU  outputs the m axim um  of each m atrix elem ent and zero. R ecalling our
introduction to neural netw orks, this is a prom inent recent exam ple of an activation function.
Follow ing this, there is the pooling step, w here the convolution feature is dow nsam pled. This
reduces the num ber of param eters and hence reduces com putation tim e necessary w hen
training the netw ork. There can be several convolutional and pooled layers after each other.
The idea is that through these m ultiple steps w e can capture the im portant parts of the im age
for classification purposes w hile discarding the less relevant parts.

A fter the convolutional and pooled layers, w e flatten the im age into a long vector. The next
step is to have som e fully connected layers, w hich perform  the classification step for the 
classes of objects w e w ish to identify. The final connected output layer w ill give a probability
for the input im age m atching a classification such as ―Is this a burger?‖ The netw ork can be
trained to fit the optim al w eights through backpropagation. Typically, techniques based upon
C N N  are far m ore prevalent these days w hen it com es to im age classification, com pared to
those using handcrafted features. The dow nside of such techniques is that it can som etim es
be m ore difficult to understand w hy a certain output has been generated, because the features
created m ay not alw ays be intuitive. W e could argue that for im age recognition this is less of
a concern, because the task they are perform ing is sim ply autom ating a task that a hum an can
do and check.



4.5.3. Augm enting Satellite Im age Data w ith O ther Datasets
R ecognizing objects from  a satellite im age can be done using the techniques described
earlier. H ow ever, this is not the only step w e need to structure im age data in order for it to be
useful for investing purposes. For each satellite im age, there is associated geospatial data,
such as G PS coordinates, the tim estam p, and so on. This data can be joined w ith datasets
containing addresses. A s a result, the objects detected on the im age can be annotated w ith
additional tags. These tags can help us answ er questions w e can't answ er from  the satellite
im age alone. These questions can include w hether the location is associated w ith a particular
business, w hich particular city and country it is in, and so on. Typically, w e m ight also w ish
to understand changes in a location over tim e, in particular if w e w ish to construct tim e series
for use by investors. W e give a use case later in the book in C hapter 13, w here w e discuss
how  investors can use satellite im agery of retailer car parks to help forecast earnings per
share for these com panies.

4.5.4. Im aging Tools
In practice, if w e w ant to process im ages, there are m any existing libraries that can help us,
including:

scikit-im age. A nother m em ber of the scikit fam ily, scikit-learn, w hile not offering
anything particularly fancy, offers a clean and sim ple A PI that is quick to pick up w ith a
plethora of useful functions. W ant to find edges w ith a Sobel filter? edges =
skimage.filters.sobel(image).

SciPy.ndim age. Probably one of SciPy's lesser know n subm odules is scipy.ndim age.
Providing m any functions that can be applied to num py.ndarrays it certainly com es in
handy now  and then. W ant to blur an im age? scipy.ndimage.gaussian_filter(image,
sigma=1).

M atplotlib. A lthough generally used in analysis/exploration, m atplotlib offers a G U I to
interact w ith im ages and can be used for centroid/bounding-box labeling by using its
event handling capabilities.

Pillow . Pillow , a fork from  the now  deprecated PIL, offers m any basic im age processing
functions, such as brightness and contrast altering functions.

O penC V. O pen C V  is another fram ew ork that offers a Python A PI. A  very pow erful
library w ith m any pre-trained m odels, one could spend a lifetim e learning all the ins and
outs of O penC V.

Sim pleC V. Sim pleC V  can be thought of as the K eras of im age processing. It offers
access to several com puter vision libraries, such as O penC V, but w ith a higher-level
w rapper, resulting in a shallow er learning curve.

4.6. NATURAL LANG UAG E PRO CESSING  (NLP)



4.6.1. W hat Is Natural Language Processing (NLP)?
M any alternative datasets consist of text. The w eb itself consists m ostly of text. If w e ignore
text-based data on the w eb, w e are essentially ignoring a lot of inform ation that could
potentially be useful from  an investm ent perspective. In C hapter 15, w e discuss m any
investm ent use cases for text, ranging from  using social m edia to help m ake econom ic data
estim ates to using new s sentim ent to understand m arket sentim ent. In order to m ake trading
decisions using text data, w e have to go through a num ber of steps. In particular, given the
volum e of text data, w e need to have autom ated w ays to analyze text. This is w here natural
language processing (N LP) can help us.

In a nutshell, N LP can be seen as a w ay for a com puter to understand hum an language.
H ow ever, in order to do N LP, w e should first define the various parts of natural language.
B riscoe (2013) describes the various com ponents of natural or hum an language and gives an
overview  of N LP.

A t the low est level w e have phonetics, w hich involves the specific sounds generated by a
hum an. B uilt on top of this w e have phonology, w hich exam ines the sounds of a particular
language. The next level, m orphology, looks at how  w ords have been constructed and their
decom position. For exam ple, the w ord ―burgers‖ can be broken dow n into ―burger‖ (w hich is
a root) and ―s‖ (w hich is a suffix show ing plurality). W e can have m any other types of
construction, such as different verbal form s like eating (verb), eating (adjective), and eating
(noun). For certain languages, such as A rabic, m orphology can be very im portant. A t their
root, A rabic verbs usually consist of three root letters (or som etim es four letters in certain
cases) from  w hich w e can derive m any different verb form s and related w ords, such as verbal
nouns, w hich in other languages m ay have different roots. For exam ple, in A rabic the verbs
for ―to teach‖ and ―to learn,‖ w hich have related m eanings, have the sam e root. This
contrasts w ith English w here each w ord is totally different.

Syntax is the w ay in w hich w ords are com bined to m ake sentences. The gram m ar w ill dictate
how  w ords can be com bined together to form  a gram m atically correct sentence. Som e
languages, such as English, have the w ord order SV O  (subject-verb-object). B y contrast,
A rabic tends to be V SO  (verb-subject-object). H ow ever, for any particular set of w ords, there
are likely to be several different gram m atically correct w ord orders, each of w hich have
different m eanings. For exam ple, both ―A lex consum es burgers‖ and ―B urgers consum e
A lex‖ are gram m atically correct, but clearly they have totally different m eanings. Indeed, in
English, w ithout any w ord order there w ould likely be a significant am ount of am biguity for
the m eanings of w ords. Potentially, though, w e could have a m ore flexible ordering w here
w ords change depending on their place in a sentence, w hich is referred to as an inflected
language. Latin is an exam ple of such a language, w here extensive use of case endings lets us
tell w hether, for exam ple, a w ord is a subject or an object, w ithout the need to adhere to a
strict w ord order.

Sem antics is about the m eaning of language. W e should be able to understand a sentence so
w e can answ er questions like w ho, w hat, w hy, w here, how , and w hen. Pragm atics refers to
understanding the text w ith context, w hich often requires know ledge of inform ation beyond



the text itself.

N LP attem pts to tackle problem s at the various levels described above. D oing any sort of
analysis of syntax first involves w ord tokenization/segm entation to identify w ords. W e can
then do other N LP tasks such as tagging the parts of speech (e.g. that w ords are nouns, verbs,
adverbs, and so on).

A t the sem antic level, there are also a num ber of im portant N LP tasks. O ne of the m ost
im portant is nam ed entity recognition, to identify specific people, organizations, locations,
and so on, and also being able to do relation extraction betw een their entities. A n ability to
extract the events and the tem poral m eaning is key. This is particularly true from  the context
of an investor, w here w e are likely to place m ore w eight on forw ard-looking statem ents,
com pared to a review  of historical m arket m oves.

W e also need to identify the sem antic roles in the sentence, such as identifying the agent of
the action and the target. M ore sim ply, an exam ple of this can be asking, ―W ho is doing w hat
to w hom ?‖ A gain, this is very im portant for understanding the significance of a statem ent. If
the president of the U nited States calls for sanctions against an oil-producing nation, this is of
m ore relevance than a State D epartm ent spokesperson. Sem antic role labeling is an autom atic
w ay to find these roles. W e also have sentim ent analysis to understand how  positive or
negative a text is. W e m ight also w ish to do topic recognition to identify the general subjects
being discussed in a docum ent.

N LP can therefore help us in our task of adding m etadata to a particular text helping to
identify the follow ing:

Topic of the content: W hat is it generally about politics, econom y, the w eather, and so
on?

Entities listed in the content: A re there any specific people m entioned, or com panies,
and in particular do they relate to any tradable assets?

Sentim ent of the content: Is it broadly positive or negative?

In the follow ing sections, w e briefly exam ine a few  topics from  N LP. For readers w ishing to
have an in-depth and m ore exhaustive look at N LP, w e recom m end reading Jurafsky and
M artin (2019) and w e have used that as a reference in this chapter. There are also m any other
tasks in N LP that are not related to understanding only. They can involve generation and
sum m arization of text, too.

4.6.2. Norm alization
N orm alization involves breaking dow n the text into a m ore com m on form . W ord
segm entation or tokenization involves identifying separate w ords in text. In English, w ords
are generally broken up by spaces, but w e need to be aw are of m any exceptions. For
exam ple, ―B urger K ing‖ could be considered a w ord despite having a space. A t the sam e
tim e, w e also need to be aw are of w ords that m ight be w ritten in different w ays, such as
―K FC ‖ instead of ―K entucky Fried C hicken,‖ w hich are specific nam ed entities. O ther



languages such as C hinese need different techniques for w ord tokenization. Jurafsky and
M artin (2019) discuss using a m axim um  m atching algorithm  for w ord tokenization for
C hinese, w hich requires a dictionary of C hinese. B y contrast this algorithm  has m ore
difficulties in English. Sentence segm entation, as the nam e suggests, involves identifying
separate sentences. A gain, w e m ight be able to utilize full stops as a m arker, but need to be
careful so w e are not confused by full stops used in other contexts like initials. O nce the
w ords have been separated, w e can put the w ords into m ore com m on form s, w hich involves
lem m atization and stem m ing. The w ords ―ate,‖ ―eaten,‖ and ―eats‖ are just different form s of
the sam e verb. Lem m atization w ould involve norm alizing them  to the root form  ―eat.‖
Stem m ing involves the sim pler norm alization of w ords like rendering plural nouns into their
singular form . O bviously, w hat constitutes a w ord depends on the language!

A  large num ber of com m on w ords are also unlikely to help w ith understanding the text and
are sim ply used for gram m atical reasons, such as ―the‖ and ―a.‖ These are classified as stop
w ords and are typically rem oved during the norm alization stage. H ow ever, as in our previous
exam ple of ―B urger K ing,‖ w e need to be w ary of rem oving stop w ords, w hich could cause
issues w ith nam ed entity recognition. Let's take the exam ple of the pop band ―The 1975.‖ W e
could use it in that specific context ‌ for exam ple, ―The 1975 w on a B rit aw ard.‖ H ow ever,
another obvious context w ould be using it to refer to som ething that occurred in the year
1975, such as ―The 1975 U nited K ingdom  European C om m unities m em bership referendum
resulted in entry to Europe.‖ If w e had rem oved the stop w ord of ―The,‖ it w ould have
caused issues of understanding for the first sentence but not for the second sentence.

4.6.3. Creating W ord Em beddings: Bag-of-W ords
O ne of the sim plest techniques to analyze a text involves using a technique know n as bag-of-
w ords. This ignores concepts like w ord order or gram m ar. H ere w e represent the w ords as a
―bag,‖ w hich consists of w ords and their associated frequency in the text. This is essentially a
type of vectorized representation of our text, w hich is called w ord em bedding.

There are m any other w ays to create w ord em beddings aside from  bag-of-w ords. TF-ID F can
also be used, w hich w eights the im portance of w ords. A nother approach is to use n-gram s.
H ere w e look at n item s in a text (such as w ords) together. H ow ever, this approach w ould still
struggle w ith identifying a sentence such as ―it w as not at all good‖ as a negative statem ent.
W e can also extend such a vector into a m atrix to w ork out sim ilarities of w ords, counting the
num ber of frequencies of co-occurrences, such as w ithin the sam e sentence. H ow ever, in
practice this is likely to result in a very sparse m atrix. Young, H azarika, Poria, and C am bria
(2018) note that historically m achine learning N LP has been trained on such very high-
dim ensional and sparse features. Furtherm ore, they can involve a com bination of handcrafted
features that can be labor intensive to com plete.

4.6.4. Creating W ord Em beddings: W ord2vec and Beyond
W hile it can be argued that gram m ar can be codified in a system atic w ay, it is difficult to do
so in a w ay that w e m ake sure our rules are absolutely exhaustive, w hich m akes it appealing



to autom ate the process. There has been considerable success in using deep learning for
understanding audio and im age data. These naturally have dense representations (TensorFlow
Tutorials). In order to apply sim ilar approaches using deep learning to text, w e need to
som ehow  create w ord em beddings that are dense.
Instead of com puting a w ord em bedding using a technique like one w e discussed earlier, such
as the frequency of co-occurrences, w hich results in sparse representations, w e can use an
algorithm  like w ord2vec introduced by (M ikolov, C hen, C orrado, and D ean, 2013). A s the
nam e suggests, it converts w ords to vectors. w ord2vec com putes the probability that w ords
are likely to be w ritten near each other, essentially a probabilistic classifier. This w ill create a
denser m atrix representation of a text. Tw o underlying m ethods are used in w ord2vec,
nam ely C B O W  (continuous bag of w ords) and skip gram . B oth of these are types of neural
netw ork, w hich w e introduced earlier in this chapter, w ith three layers: an input layer, a
hidden layer, and an output layer. C B O W  tries to predict the target w ord from  the context of
w hat other w ords are around it. Skip gram  w orks in the opposite direction, predicting the
context from  our target w ord. H ence the output of skip gram  could be m ore than one w ord. In
this instance, ―context‖ basically m eans w ords near it w ithin a specific sized w indow .

M ikolov, C hen, C orrado, and D ean (2013) note that these w ord em beddings or vector
representations of w ords can be added to give outputs, w hich have interesting properties.
They give an exam ple show ing that adding the vector representation of the M ontreal
C anadiens, a C anadian ice hockey team , to the vector for Toronto and then subtracting the
vector for M ontreal results in the vector for Toronto M aple Leafs, an ice hockey team  based
in Toronto. A nother exam ple often cited in the literature around w ord2vec is how  the vector
of king, take aw ay the vector of m an and w ith the addition of the vector of w om an, results in
queen. The fastText m odel extends w ord2vec, by looking at subw ords; (see B ojanow ski,
G rave, Joulin, and M ikolov 2016). In fastText, each w ord is represented by a bag of character
n-gram s. The idea is that this approach can take advantage of m orphology. A t the sam e tim e,
w e do not have to explicitly define all the various rules for form ing w ords, such as defining
prefixes, suffixes, and so on. A s discussed earlier, certain languages such as A rabic are
heavily m orphological.

N aili, C haibi, H ajjam i, and G hezala (2017) discuss the difference betw een w ord2vec and
another sim ilar w ord em bedding m ethod, G loVe (G lobal Vectors for W ord R epresentation),
as w ell as discussing how  C B O W  com pares to skip gram  w ith som e experim ental exam ples
in both English and A rabic. R ather than attem pting to com pute probabilities like w ord2vec,
G loVe is based upon the ratios of how  often w ords occur near each other. It involves first
creating a co-occurrence m atrix for w ords. H ow ever, this is then factorized to generate a
vector representation for each w ord. In both w ord2vec and G loVe, w ords such as ―bank‖ w ill
have the sam e vector representation despite having different m eanings w ithin context such as
―river bank‖ or ―bank deposit.‖

N ew er techniques such as B ERT (B idirectional Encoder R epresentations from  Transform ers),
introduced by D evlin, C hang, Lee, and Toutanova (2018), can incorporate context w ithin
their w ord representations. In w ords, as a contextual m odel, it creates a representation based



on other w ords in the sentence. A s the nam e suggests, it is not a directional m odel, reading
text input in one direction (left-to-right or right-to-left), but it can exam ine the context w ords
in a bidirectional m anner. W e note that B ERT is not unique in being a contextual m odel;
there are m any other m odels that also incorporate context such as X LN et.

4.6.5. Sentim ent Analysis and NLP Tasks as Classification Problem s
Let's say w e w ant to do sentim ent analysis on a text to get an understanding of how  positive
or negative it is. From  an investor view point this is likely to be a very useful exercise for a
num ber of reasons. Perhaps the m ost obvious use case is to understand w hether a particular
new s article on a com pany is good or bad. It can also be useful to ascertain how  people are
talking about certain brands and m ap these to an associated parent com pany.

W e can give positive/negative scores for w ords. W ords such as ―like‖ w ould have a positive
score w hile w ords such as ―hate‖ w ould have a negative score. Typically, there are m any
existing sem antic lexicons that classify w ords into positive and negative, w hich can be used.
O nce w e have the frequencies of each w ord, and their corresponding sentim ent score, w e can
aggregate together to form  a sentim ent score for the w hole docum ent. There are obviously
m any shortcom ings to this bag-of-w ords approach, given that w e are ignoring how  w ords
relate to one another, w hich can obviously change the m eaning.

Jurafsky and M artin (2019) note m any problem s in N LP involve som e elem ent of
classification. Sentim ent analysis can be considered as a classification problem . M any other
problem s associated w ith the docum ent level are classification problem s, such as determ ining
the author of a docum ent by its style or its language. Tasks that are not at the docum ent level,
w hether at the w ord level or at the sentence level, can also involve classification ‌ take, for
exam ple, the tagging of stop w ords or part-of-speech tagging.

W hen explaining sentim ent analysis above, w e used a rules-based approach by constructing a
w eighted average sentim ent score based upon how  positive/negative w ords w ere in the text.
A s w ith dealing w ith w ord sim ilarity or m any other N LP tasks that are essentially
classification problem s, w e don't have to use a rules-based approach. Instead, w e could also
use a probabilistic classifier, w hich w e m entioned earlier in the context of m ore com plicated
w ord em beddings like w ord2vec. N g and Jordan (2001) discuss the difference betw een tw o
different classes of classifiers: generative and discrim inative. Let's say w e have inputs 

, w hich are text, and there is a label , w hich, for exam ple, could be a binary
variable like ―positive‖ or ―negative.‖ For a generative classifier like naíve B ayes, 

 w ill be calculated using B ayes rules indirectly. A  discrim inative
classifier, like logistic regression, instead m odels  by directly m apping
input  to  through learning.

4.6.6. Topic M odeling
So far w e have m ostly discussed w ords and docum ents; how ever, in betw een them  w e have
the idea of topics. Topic m odeling attem pts to identify sim ilarities at a higher level than



purely at the w ord level. In a sense w e can think of a docum ent as being about a num ber of
topics, and each topic is m ade up of a group of w ords. Latent D irichlet A llocation (LD A ) is a
technique for extracting groups of w ords that are sim ilar to one another, w hich w e can group
together as topics. It w ill also give us an indication of how  each of these topics are w eighted
in a docum ent. It is called ―latent‖ because w hile w e can observe the w ords, w e don't actually
observe the topics directly, w hich are latent variables. LD A  essentially helps us find the
distribution of the topics in a docum ent, the num ber of topics, and how  those w ords are
distributed, given a corpus of docum ents.
Trying to find this joint posterior probability distribution for the topics in a docum ent,
num ber of topics, and so on, is tricky analytically. Instead, an approxim ation to this
distribution is found using a variational inference as explained in the paper that introduced
LD A ; see B lei, N g, and Jordan (2003). It should be noted that LD A  applies unsupervised
learning; hence, it does not require the m anual assignm ent of topics to groups of w ords in
docum ents beforehand. A lthough, w e should note that ―seeding‖ LD A  can im prove it, so it
w ill increase the probability of a certain topic for chosen w ords. O ther techniques such as
N M F (non-negative m atrix factorization) and LSA  (latent sem antic analysis) can also be
used. In practice, N M F often outperform s LD A .

4.6.7. Various Challenges in NLP
A dding additional m etadata using various N LP tasks to a text can involve very particular
challenges. Let's take, for exam ple, nam ed entity recognition. For the purposes of trading, w e
often w ould like to do entity m atching, in particular m apping a nam ed entity to a traded
instrum ent. In practice, w e m ight have a product or a brand listed. W e therefore need to
augm ent our dataset so w e can do entity m atching from  products or brands to com panies.
C onsider a new s article that discusses the launch of a new  iPhone. iPhone is not a tradable
financial instrum ent. H ow ever, A pple, w hich m akes iPhones, is of course a tradable equity.
H ence, w e need to have a m apping betw een A pple and iPhone, in other w ords perform ing
relation extraction. It is likely that an article w ould also m ention A pple in any case.

In other instances, it can be com plicated to identify the tradable instrum ent. For an investor,
ultim ately any signal needs to som ehow  m ap to a tradable signal in the end for it to be
m onetizable. In other w ords, w e need to be able to do a profitable trade based on our trading
signal for it to be of use for an investor. If a certain piece of analysis or signal cannot be used
as part of an investor's decision-m aking process, then they can't m onetize it.

Say w e have a new s article that refers to the launch of an A udi A 8 luxury car. A udi as an
entity is not tradable. H ow ever, the parent com pany of A udi, Volksw agen, is a traded equity.
In this instance, a new s article m ay w ell m ake no m ention at all of Volksw agen, and hence
w e have to augm ent our m achine-readable text dataset w ith a dataset that has a m apping
betw een tradable com panies and their subsidiaries. W e could also have a m apping betw een
com panies, for exam ple, the relationship betw een car m anufacturers and their supply chain
(see C hapter 10 for a detailed study on trading auto stocks based on autom otive supply chain
data). For autom akers, w e m ight argue there are not really that m any brands. H ow ever, for



m any com panies, it is likely to be extrem ely challenging. Take, for exam ple, a com pany such
as U nilever, the A nglo-D utch consum er goods com pany; they alone have hundreds of
different brands.

H ence, any sort of tagging of a new s article or text in general needs to take these sorts of
indirect m appings into account. Either w e need to derive such relationships or w e can use a
prem ade set of m appings, such as TickerTags, w hich is a product from  M  Science. A t present
TickerTags contains over a m illion tags covering 3,000 public and private com panies. Trying
to reproduce such a m apping dataset is likely to be very challenging and also could be labor
intensive. Furtherm ore, w e need to note that this m apping needs to be recorded in a point-in-
tim e fashion, because these brands and com pany relationships are not static. H ence, if w e
create a point-in-tim e history of such a m apping, w hich is likely to be used for backtesting,
w e w ould need to be careful not to induce any look-ahead bias.

In a sense, w e can see a sim ilar situation w hen w e are trying to trade m acro assets based on
purely m acro new s. A  m acro new s article m ight not even m ention any traded assets (e.g.
relating to econom ic data releases or central bank statem ents). W e can use our dom ain
know ledge to m ap the relationships betw een these m acroeconom ic events and the m acro
assets w e are trading.

4.6.8. Different Languages and Different Texts
A  w ord corpus is a collection of different texts that has been structured so it can be utilized to
help w ith N LP tasks. The idea of a w ord corpus is that it should be representative of the type
of language w e are studying and can also include text that w as originally speech.

W e have already noted that different languages w ill often require applying different
techniques for doing certain N LP tasks. Even in the sam e language, it is also the case that
texts can be quite different. W e can find English language in tw eets, financial new s articles,
and the novels of C harles D ickens. H ow ever, there are likely to be very great differences in
the style of English of each. It w ould not be representative to use a w ord corpus m ade up of
C harles D ickens to do sem antic analysis on tw eets that contain a large am ount of slang.
H ence, if w e are using w ord corpora in our N LP, it m ight be w orth bearing in m ind that w e
should try to select the one that is likely to be closest to our use case.

M any w ord corpora are freely available on the w eb. For exam ple, the B Y U  corpus
(https://corpus.byu.edu/) aggregates m any different w ord corpora covering a large num ber of
different sources, including a w ord corpus consisting of Tim e m agazine articles from  1923 to
2006 (100 m illion w ords) to a m ore inform al language in the C orpus of C ontem porary
A m erican/C O C A  English (560 m illion w ords). The largest w ord corpus they have is the
iW eb: 14 billion W ord W eb C orpus, w hich has been derived from  95,000 w ebsites.

O ne of the sim plest usages for a w ord corpus is for understanding the typical frequency of
w ords. In Figure 4.13, w e report the results of a search of C O C A , for the frequency of the
w ord ―burger‖ and ―king‖ in contem porary A m erican English. The results are given for the
num ber of instances of the w ord per m illion w ords of text. W e see that on the w hole ―king‖ is



m ore com m on than ―burger‖ in the corpus. W e note that the usage patterns have been
different over tim e. O bviously, w e w ould have to do m ore w ork to understand w hy the
frequency m ight have changed.

FIG U R E  4.13 Frequency of the w ords ―burger‖ and ―king.‖
Source: B ased on data from  C orpus of C ontem porary A m erican English.

4.6.9. Speech in NLP
Tasks involving speech are also part of N LP. For exam ple, autom atic speech recognition can
also be considered as a part of N LP. Petkar (2016) discusses the m any challenges associated
w ith speech recognition. First, there is a difference betw een spoken language and w ritten
language. In som e languages such as A rabic this can be very pronounced. There are large
differences betw een the spoken dialects of A rabic and w ritten text, w hich is in the form  of
M odern Standard A rabic. There are differences in pronunciation, vocabulary, and also
gram m ar. H ow ever, even in English, spoken language tends to be less form al and generally
less descriptive. The paper also notes the difficulties associated w ith continuous speech. Just
as w ord segm entation needs to be perform ed on w ritten text, for audio, speech segm entation
is used to identify individual w ords, w hich can be challenging given that there aren't alw ays
clear pauses in hum an speech betw een w ords. There is also significant variability in speakers
in term s of accent, gender, and speed of speech.

Speech recognition can often form  the first step of solving an N LP problem , w here our text is
not in a w ritten form . O ne exam ple w ould be Siri, the A pple voice assistant on the iPhone,



w hich takes the user's speech as an input. This is converted into w ritten text, w hich is parsed
for understanding using som e of the techniques outlined earlier, into a structured form , so
that w e can understand things like the context. A n answ er is then generated based upon this
structured input. The next step is natural language generation to create a hum an readable
reply. Finally, text-to-speech synthesis is applied to this text to read aloud the output to the
Siri user.

H ow ever, there are now  new  techniques that prom ise to apply advanced N LP techniques like
translation from  speech in one language into another, w ithout interm ediate conversion into
w ritten text and then application of text-to-speech synthesis. Jia and W eiss (2019) describe
Translatotron, w hich uses a single sequence-to-sequence m odel for direct speech translation.
The approach can even retain the style of speech from  the original speaker, but in the foreign
language, w hich w ould likely be m ore challenging to do using a traditional approach that
requires a separate text-to-speech synthesis.

M ore broadly, w e could argue that speech m ight have additional inform ation that w ould be
lost w hen converting into text. Speech has m any different characteristics such as pitch, speed,
and pronunciation that are not obvious from  text. A s a very sim ple exam ple, it is far easier to
determ ine the gender of the speaker from  their speech than it is from  reading their text.
Features extracted from  speech can be used to develop indicators for deception in speech and
com bined w ith text-based features. H irschberg (2018) develops a m achine learning‌based
approach for judging deception in speech, w hich outperform s hum ans.

From  an investor view point, m any of these techniques are also relevant. Speech recognition
could be used on events such as earnings conference calls and the question-and-answ er
sessions of central bank press conferences. U nderstanding deception in such situations w ould
be extrem ely beneficial for investors, too! Text-to-speech could be used to provide autom ated
alerts for traders, triggered by specific events like large price m oves or econom ic events.

4.6.10. NLP Tools
W hat type of tools can w e use to first get access to raw  data from  the w eb and then to
structure it or to do tasks like autom atic speech recognition? It is possible to develop libraries
to do various N LP tasks such as generate w ord em beddings, w ord segm entation, sentim ent
analysis, and so on. H ow ever, it requires significant tim e and expertise to w rite these tools
and then to train them .

In practice, there are m any libraries and resources that can help us w ith different parts of the
process that w e can use as a starting point for our analysis of text. In m any instances, these
libraries also include m odels that have been pretrained on large corpora of text. Follow ing is
a list of som e of the open-source Python tools available for the initial stage of gathering text
data from  the w eb and cleaning:

Scrapy: Scrapy is a full fram ew ork for w eb craw ling and w eb scraping. W e can give it a
U R L and it w ill begin to craw l the various w ebsites linked from  that and help you save
and dow nload all that content.



B eautifulSoup: B eautifulSoup focuses on parsing H TM L data that has already been
dow nloaded. W ebpages have a large am ount of form atting and script code, w hich are
irrelevant for understanding the content. B eautifulSoup enables us to extract certain
elem ents, rem ove superfluous inform ation such as H TM L tags, and so on. W e can use
Scrapy and B eautifulSoup together.

PD FM iner: PD FM iner can extract text from  PD F docum ents.

tablula-py: tabula-py is a Python-based w rapper for the Java, Tabula library,
specifically for reading tables from  PD F docum ents. U se cases in finance could be
reading from  earning reports.

new spaper3k: new spaper3k is a Python library for accessing articles from  new spaper
w ebsites. It can, for exam ple, extract the body text of articles and associated m etadata
such as the authors and publication date. It sits on top of som e of the other libraries
discussed here, like B eautifulSoup and N LTK .

N ext, w e list som e of the libraries that are useful for higher-level natural language processing
tasks, once w e have gathered together and cleaned a text. W e should also note that m any of
the general-purpose m achine learning libraries such as TensorFlow  and scikit-learn can also
be used w ith text, although they are not specifically lim ited to dealing w ith text.

N LT K : N LTK  is one of the oldest Python libraries to do N LP tasks. It includes m any
trained m odels and w ord corpora to get you started, including a corpus of R euters
articles (from  1987). B ird, K lein and Loper (2009) guides users through using N LTK  to
a num ber of com m on N LP tasks ranging from  processing raw  text to text classification.

C oreN L P: Stanford C oreN LP is accessible in a num ber of languages as w ell as Python.
A s w ith N LTK  it perform s a large num ber of N LP tasks, ranging from  tokenization and
sentence splitting to nam ed entity recognition and sentim ent tagging.

G ensim : G ensim  is a topic m odeling library, w hich includes im plem entations of m odels
such as Latent D irichlet A llocation and Latent Sem antic A nalysis.

spaC y: spaC y is w ritten in C ython. It can do various N LP tasks such as tokenization,
nam ed entity recognition, and part-of-speech tagging. It also integrates w ith a num ber of
Python m achine learning libraries such as TensorFlow .

pattern: pattern is a general-purpose w eb m ining m odule for craw ling the w eb and
accessing sources like Tw itter and W ikipedia via their A PIs. It also contains a num ber of
features to do N LP tasks, such as sentim ent analysis based around w ords typically used
in product review s. It also includes functionality to perform  sim pler tasks such as part-
of-speech tagging.

TextB lob: TextB lob sits on top of N LTK  and pattern. H ow ever, it provides an easier to
use interface to access these libraries.

B E R T: B ERT (B idirectional Encoder R epresentations from  Transform ers) w as
developed by a team  at G oogle; see D evlin, C hang, Lee and Toutanova (2018).



Essentially, it is a m ethod of pretraining language representations, w hich also
incorporates context. It uses unsupervised learning, and as a result it can be trained on
vast am ounts of plain text. G oogle has a m odel that has been pretrained on text from
W ikipedia and B ookC orpus. The pretrained m odel can then be used for a num ber of
N LP tasks such as question answ ering or tokenization. The softw are im plem entation of
B ERT uses G oogle's TensorFlow  m achine learning library.

SpeechR ecognition: SpeechR ecognition is a Python library that allow s users to do
speech recognition using a num ber of external online and offline services using a
com m on A PI.

W hile w e have focused on open source Python tools, there are m any com m ercial tools
available for doing N LP on text. M any of these are cloud based and can be used as pay-as-
you-go-style services, w here you upload the text you w ould like to analyze, and then N LP is
perform ed on it.

G oogle C loud N atural L anguage: G oogle C loud N atural Language can do a num ber
of N LP tasks, including nam ed entity recognition, sentim ent analysis, and syntax
analysis. W hile it has pretrained m odels, users can also train their ow n custom  m odels.
It can be accessed using a R EST A PI to upload text for analysis or it can also read text
stored on G oogle C loud. It also supports the creation of ow n custom  m odels, or it can be
used on ow n training data for content classification.

G oogle C loud Speech-to-Text: G oogle C loud Speech-to-Text is a cloud-based service
that can convert audio to text using neural netw ork m odels, w hich has a num ber of
different A PIs. It supports 120 languages.

A m azon C om prehend: A m azon C om prehend perform s different N LP tasks on the
provided text, extracting properties such as entities, syntax, and sentim ent. It also has a
specific version trained on m edical vocabulary to extract data from  m edical notes or
sim ilar texts.

4.7. SUM M ARY
M achine learning encom passes a large num ber of individual techniques. A t its core it can be
split up into supervised learning, unsupervised learning, and reinforcem ent learning. W hen
fitting these m odels, w e need to be aw are of the variance-bias trade-off. W hat m ay appear to
w ork very w ell in-sam ple can end up perform ing poorly in-sam ple, because w e have overfit
it.

In the chapter, w e discussed a num ber of m achine learning techniques ranging from  relatively
sim ple exam ples such as linear regression, to logistic regression for classification, to m ore
com plicated m odels such as deep neural netw orks. W e also gave a short sum m ary of som e of
the m achine learning libraries that can be used to fit these m odels.

Later w e discussed som e of the lim itations associated w ith m achine learning, in particular
w ith reference to financial tim e series, w hich are nonstationary. W e also discussed specific



use cases for structuring im ages, using techniques like C N N s and w e also included an
introduction to natural language processing, w here m achine learning m odels tend to be used
these days, in preference to m ore traditional rule-based approaches.

In C hapter 13, w e shall use a dataset of satellite im agery that has been structured using C N N s
to generate car counts for the car parks of European retailers. In addition, w e had a detailed
look at natural language processing that can enable a com puter to understand hum an
language. In C hapter 15, w e shall have an extensive look at text data, and give several
investor use cases for it. For readers interested in m achine learning in finance m ore broadly,
w e refer the reader to Lopez de Prado (2018) and also D ixon et al. (2020).

NO TES
1   See also H astie (2009), C hapter 7.

2   W e define com plexity as the num ber of param eters in a m odel. The Vapnik‌C hervonenkis
(V C ) theory provides a broader m easure of com plexity, see Vapnik (2013).

3   The contrary can be observed in specific situations.

4   O ur prediction for  is usually denoted .

5   Typically, in binary output, w e assign probabilities of m ore than  to group  and vice
versa. For m ulticlass outputs, w e usually assign to the class w ith the highest probability.

6   Linear regression does not alw ays assum e a linear relationship betw een dependent and
independent variables; w e could have a m odel of  and it is still
considered to be linear regression.

7   It is this prediction (read regression) of probabilities w here logistic regression derives its
nam e. W e are m erely extending it to a classification technique by deciding to assign a
class based on this regressed probability.

8   A lthough, given that there are finite num bers of leaves on our trees, w e cannot actually
produce continuous predictions, but rather point out interval predictions along the real
line.

9   For an introduction on C N N s, see Section 5.3.2.2

10 Som e architectures, such as recurrent neural netw orks, allow  nodes to feed back into
them selves, other nodes in the sam e layer, or nodes in previous layers.

11 See Schaffer (1994) and W olpert (2002).

12 See https://w w w .eff.org/ai/m etrics for up-to-date perform ance benchm arks on different
datasets. See G eirhos (2017) for different exam ples and com parisons of hum an vs
m achine perform ance under im age degradations like contrast reduction, additive noise, or



novel eidolon-distortions.

13 Long Short-Term  M em ory is an artificial recurrent neural netw ork.

14 B idirectional Encoder R epresentations from  Transform ers.

15 X LN et is a generalized autoregressive m odel for natural language understanding based on
Transform ers-X L

16 Som etim es, causality is not required, such as w hen counting cars in im ages or extracting
sentim ent from  text. H ow ever, causality is necessary in m acroeconom ic forecasting, for
exam ple.

17 C ats do not change over tim e, especially after w e observe them !



CHAPTER 5
The Processes behind the Use of Alternative Data

5.1. INTRO DUCTIO N
A s explained in a lot of detail in the previous chapters, there are several potential pitfalls in
the im plem entation of an alternative data strategy. In this chapter, w e w ill discuss how  to
organize these im plem entation efforts in order to deliver a successful strategy. W e m ust
em phasize that the key to this success is to have the right processes, system s, and people in
place. There are, of course, external constraints, such as the availability of talent in the
m arketplace, or internal ones, like budgeting and legacy system s. These w ill also determ ine
how  successful one can be in im plem enting an alternative data strategy.

W e m ust also note that once a given strategy is deployed in production, that does not m ark an
end of the w ork. In fact, the signals generated from  alternative data m ay begin to degrade.
This m eans that the accuracy and perform ance achieved in m odel developm ent and as
m easured through backtesting declines in tim e. R easons for this can range from  non-
stationarity through technical im plem entation problem s. W hile w e cannot solve the problem
of non-stationarity except under very special circum stances, w e can address m ost other
perform ance degradation issues by establishing and acting upon a suitable m onitoring
process. W e w ill discuss this m atter further.

W e w ill divide the process of developing an alternative data process into a num ber of steps as
follow s:

Set up the vision and strategy.

Identify the relevant data asset(s) according to the investm ent strategy, m andate, and
constraints.

Perform  due diligence on the vendors of those data assets.

Pre-assess risks (e.g. technological, legal, cyber, etc.).

Pre-assess the existence of signal(s) ‌ run a proof-of-concept (PO C ) on a sam ple of
data. If the outcom e of the last step is positive, then one can proceed to the next steps.

Perform  data onboarding.

Perform  data preprocessing (if needed).

Perform  signal extraction (m odeling).

Im plem ent the process (or deploy in production).

The sequence of steps m ay vary depending on the degree to w hich data has already been
preprocessed.



5.2. STEPS IN THE ALTERNATIVE DATA JO URNEY
5.2.1. Step 1. Set up a Vision and Strategy
The first question an investor/risk m anager can ask is: shall w e begin to venture along the
alternative data journey? This is a strategic question that involves the highest-level decision
m akers w ithin an organization such as the chief investm ent officer (C IO ), the chief risk
officer (C R O ), or the chief executive officer (C EO ). The answ er lies in their convictions that
this kind of data has alpha after discounting for its price and the com plexities behind its
incorporation in the existing processes. It is a com plex question to answ er based on
im pressions and not on substantial quantitative analysis. A s w e rem arked previously, the
press has conveyed m ixed m essages and stories of success or the lack of it. H opefully this
book w ill provide m ore clarity in that direction.

R eading w hitepapers by vendors is a good first step to be aw are about the existence of
signals in data and have a rough idea about the strength of the signal. H ow ever, running a
sm all proof-of-concept (PO C ) along the lines of w hat w e describe in the follow ing could be a
m ore convincing step for the decision m akers in an organization. PO C s are not costly to run
because they neither require a com plex infrastructure nor do they involve the com plexities of
a live im plem entation. The advantage of a PO C  is that decision m akers can have a m ore
tangible proof on their portfolio of w hether or not a dataset is valuable.

O nce the decision is m ade to attem pt going along the alternative data path, a strategy m ust be
put in place. In general, the strategy w ill depend on the type of investor. For exam ple, one
strategic choice could be w hether to opt for raw  data acquisition or for derived signals (see
Section 5.4 on data vendors w ho provide this service). Q uantitatively sophisticated investors
(e.g. hedge funds) typically build their ow n analytics and hence prefer purchasing raw  or
lightly processed data.1 For this purpose, they require access to good-quality raw  data and the
deploym ent of cutting-edge technology and algorithm s. C o-location of analytics and data
could also speed up the research and deploym ent of signals.

M ore traditional but still quant-m inded investors (e.g. large sell-side banks or big funds) are
interested in derived analytics and m ore intuitive solutions. Sm aller shops are less w illing to
em ploy technology, data science, and program m ing capabilities. They w ould opt for low -cost
m aintenance/build analytics platform s and sourcing on-dem and of data science talent.
Finally, there are sm all fintechs w hose purpose is not to invest but to buy data and resell it in
the form  of a trading signal (e.g. C argoM etrics).

H ence, according to the type and size of the investor (or fintech), a strategy consists of
defining a roadm ap of data science capabilities and technology. In w hat follow s, w e w ill
describe the full journey from  raw  data to signals. A s w e have just explained, an investor
does not have to em bark on all these steps as they m ight prefer the acquisition of curated
signals. In other w ords, m ost of the steps that w e w ill describe can be perform ed on the side
of the data vendor.2

W e note that regulatory, risk and reputational considerations should be m onitored throughout



the process w e w ill describe to m inim ize the risk of investing in signal products that do not
m eet the buyer/vendor firm 's relevant appetites.

5.2.2. Step 2. Identify the Appropriate Datasets
O nce a strategic decision has been taken, the next step w hen starting an alternative data
journey is to understand w hich data assets to pick up and test for a signal from  a virtually
infinite universe. Essentially, w e are seeking to prune our search space. M ost of the datasets
w ill have potentially lim ited value, but this is not know n upfront. This is a difficult task but
new  professions w ith the right skillset to perform  it are starting to appear. In particular these
new  roles include those of data scouts or data strategists (w e use the term s interchangeably).
The role of the data scout is crucial for an organization w anting to have an edge. In fact, a lot
of experience and com m on sense is needed to assess w hether a data asset is w orth purchasing
and to m ake a decision how  to test it. To m ake a judgm ent call w ith only a m inim al am ount
of testing is difficult. H ow ever, it is necessary, given that it is too costly to do a thorough test
for every single dataset on the m arket. There is obviously also a lim ited budget for
purchasing datasets or sam ples of them . In this m ission, the data scouts m ust be assisted by
SM Es (subject m atter experts) w ho deeply understand the m arkets and the investm ent
portfolios and the risks of their institutions.

O rganizations that have not established such highly specific roles can still rely on the
experience of the chief data officer and their data scientists. There are also consulting firm s
such as N eudata, w hich can help outsource part of the data scout function to keep track of
new  alternative datasets. N eudata is com pensated by data users, as opposed to data sellers.
This is som ew hat different to data m arkets discussed in Section 2.3, w here typically the data
m arketplace ow ner is com pensated in som e form  by the data seller. The em ergence of
outsourced data scouting services and data m arketplaces is likely to help sim plify the task of
finding alternative datasets.

D epending 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 is im portant to say that the bias on the
vendor's side is to avoid advertising any om issions in the data. H ence, there are som e checks
to be perform ed upfront by the buyer in order to m ake sure that there aren't any gaps that
could appear at a later stage or om issions that could becom e critical. This should be the case,
even if the provider claim s to be selling signals that are already ―clean.‖

W e described in Section 1.8 som e dim ensions on w hich a data asset can be projected. It is
im portant to note that the asset classes required, the investm ent m andate and constraints that
an asset m anager has can help w ith preselecting a dataset. For exam ple, is the asset m anager
investing only in fixed incom e instrum ents issued by governm ents and public entities? In that
case, foot traffic data for only very specific shopping m alls m ight be less useful at first
glance. PM I indicators can be m uch m ore appropriate for this specific purpose. In this sense,
a good approach to data asset selection can be both bottom -up and top-dow n. It can be
bottom -up because one could start from  the portfolio constituents and w ork out w hich data
assets in the m arket could contain signals for the asset classes under m anagem ent. It can also



be top-dow n because one could start from  a specific data asset (m aybe a new  entrant in the
m arket) and cascade dow n on w hich asset classes it could have useful inform ation about.

C overage, breadth, and depth are also im portant considerations here. For exam ple,
som etim es it is better to try to increase coverage rather than focus on im proving m odeling
techniques, such as adding extra com plexity (w hich could even lead to overfitting). W hether
this is possible m ust be considered at this stage.

5.2.3. Step 3. Perform  Due Diligence on Vendors
A s w e m entioned previously and w ill again exam ine in detail in Section 5.4, there is a
diverse spectrum  of alternative data providers. Som e of them  can be big organizations w ith a
long track record and history w hile others can be relatively new , sm all, and niche providers.
Third-party due diligence is then needed to avoid risk of disappearance of these com panies
after subscribing to their data feeds. The risk of ceasing activity is, of course, an extrem e
issue but it is not the only one w e have to be concerned about w ith respect to third parties. In
general, organizations that create, gather, and/or distribute alternative data could often
operate w ith im m ature risk and control fram ew orks. This m eans that the data they sell could
be prone to errors and hence not truthful, or potentially obtained through processes that are
not legally cleared. H ence, w orking w ith such vendors can be also a source of reputational
and legal risk.

For exam ple, third-party checks are perform ed 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 a due diligence service is not available for a dataset w e w ant to purchase,
w e have to m ake such checks ourselves, m aybe through the help of external consultants. In
any case, all these assessm ents should be perform ed before purchasing a dataset.

5.2.4. Step 4. Pre-assess Risks
There are m any risks associated w ith alternative data, as w e already discussed in Section 3.2.
W e discussed third-party due diligence in the previous section. The risks in this section are
risks that are not associated w ith a third party. Som e of this non-third-party risk assessm ent
can be done at an early stage (i.e. before even purchasing a data asset by w orking w ith a
sam ple of it or through m etadata only). W e m ust m ake sure that w e do not expose ourselves
to accuracy/validity risk of the data, privacy risk, and m aterial non-public inform ation
(M N PI) risks.

From  the m etadata and the contractual agreem ent proposed by the vendor, w e can also
consider infrastructure risks connected to the frequency and the structure of the data. C an our
infrastructure cope w ith the velocity of the data (e.g. m illisecond ticks)? Is it also able to
ingest the required volum es of data? This problem  is present in m any form s of unstructured
data w here volum es are typically bigger.

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



This step is a quick-and-dirty one to m ake sure that it is w orth investigating the data asset
further. A s w e explained, onboarding of data and processing it in a production environm ent
m ight be costly so this step w ill help us to avoid com m itting tim e and resources that could
lead to som ething that ultim ately is of little use. Som e data vendors already sell signals or
evidence of a signal in the form  of w hitepapers (see Section 5.4 on data vendors) as w e
m entioned in Section 5.2.1. This could greatly facilitate the w ork of signal discovery if the
asset m anager w ants to go their ow n route of w orking out a signal from  the raw  data. If they
w ant to acquire a final signal, then this step can be skipped.

G etting a sam ple of the data and its m etadata w ill be enough to assess (1) the quality of the
data (e.g. m issing values, anom alies), (2) w hat m odeling techniques could be relevant and
w hether the data science team  has expertise in them , and (3) possibly run som e very sim ple
transform ations and m odels. D ue to the requirem ent to identify signals quickly, coarser
analyses techniques are typical (e.g. binned  analyses for potential signal factors). N ote
that, w ith respect to the last point, the lack of a signal w hen attem pting a very sim ple m odel
is not sufficient to discard the dataset. A  m ore sophisticated set of nonlinear m odels can be
also attem pted provided there is a solid justification to suspect nonlinearities in the data.
O pen source libraries m ake this last step straightforw ard even in the case of com plex deep
learning m odels. W e also note that datasets in isolation m ay not yield a signal, but joining
them  w ith a num ber of other datasets could result in finding m ore usable signals.

A gain, all this could happen w ithout onboarding the data and setting up regular data feeds. A
sam ple of a few  thousand observations m ay be enough in m any cases. It could be enough to
create a very sim ple proof of concept to assess w hether the data asset contains any alpha after
subtracting costs.

A t this stage it is also im portant to think about m odel risks and trade-offs. D oes the m odel
need to be interpretable by portfolio m anagers? If not, a deep learning m odel can, in
principle, provide a better fit. B ut, is it overfitting? To check this, appropriate out-of-sam ple
tests m ust be considered. D oes it need to deliver results on a m obile device and also in real
tim e? H ence, a sim pler m odel that can deliver results even in the case of slow  connectivity
m ust be devised, typically by sacrificing som e accuracy.

The list of datasets to explore should be prioritized according to the expected value likely to
be added and also the business dem ands. Q uestions from  the business can, for exam ple, help
us to focus on datasets relevant to particular asset classes, geographies, and so on. The
experience of a data strategist could also prove useful in this regard.

5.2.6. Step 6. Data O nboarding
Even if the previous steps did not touch upon an im plem entation in production, there w ere
still som e overheads to be considered (e.g. infrastructure setup and legal arrangem ents w ith
the data vendor). O nce they have been dealt w ith and the presence of a stable signal has been
proved, it is tim e to consider a fair price for w hich the dataset can be purchased. W e
discussed the delicate issue of pricing in Sections 2.4‌2.6. If a price is agreed, the next step is
to onboard the data in the local infrastructure.



D ata sources often com e w ith their ow n schem a (or som etim es w ith no schem a at all, w hich
can m ake interpretation m ore challenging). This can affect how  w e w ork w ith the dataset.
A ny data w e receive from  an external (or indeed internal source) needs to be stored in a
database. The nature of how  w e store the dataset w ill be dependent on its schem a. For
exam ple, relatively w ell-structured high-frequency tick data could be stored in colum nar
databases like K D B . B y contrast, other low er-frequency structured datasets m ight be better
suited to SQ L databases. A  lot of alternative data, especially in its raw  form , tends to be
relatively unstructured; hence, it m ight m ake sense to store it in a data lake.

5.2.7. Step 7. Data Preprocessing
It is likely that a dataset requires som e elem ent of preprocessing w hen im plem enting in
production. O ne com m on part of this is in tagging assets in a structured dataset. A  data
source describing firm -specific data m ight be tagged w ith B loom berg tickers but w ithout any
other ticker identifiers. H ow ever, a fund m ight use ISIN  codes internally as their com m on
ticker m apping. H ence, the B loom berg tickers w ould all need to be m apped to ISIN s. This is
done in order to facilitate joining it w ith other datasets. W e w ould need to join m arket data
for backtesting of trading strategies or indeed other alternative datasets to generate com posite
signals. For raw  datasets, w e w ould likely need to do entity m atching from  scratch. See
Section 3.3.1 for a m ore detailed discussion on entity m atching.

If datasets have tim e stam ps w ith different tim e zones, it results in m isaligned points w hen
joining these datasets. A ll sorts of problem s can ensue, such as using future data. It is
possible to keep tim e stam ps in their original tim e zone in each dataset (and keep track of
that). H ow ever, it is m uch easier to convert them  to a com m on tim e zone, such as U TC ,
during an earlier preprocessing stage.

In som e instances, the tim e zone data m ight be m issing, hence w e w ould need to infer it.
Typically, one w ay to infer it is by joining w ith another dataset, w hich is likely to have
correlated points. For high-frequency data, w e m ight be able to infer it by joining it w ith an
indicator for m ajor econom ic data releases. Typically, for im portant events, like the U S
em ploym ent report, FO M C , and so on, w e w ould observe jum ps in assets like FX , rates and
equity futures. H ence, w e can infer the tim e zone of our m arket data by observing w here
these jum ps are in the m onth. O ther im portant fields could also be m issing, not purely the
tim e stam p, that need to be inferred.

There m ight be other sorts of discrepancies in tim e stam ps. For very high-frequency data, the
tim e stam p betw een different sources m ight be slightly offset, w hich can prove problem atic
w hen aligning them .

There m ight also be the case w here w e need to fill in m issing points in our dataset. The
sim plest w ay is to interpolate. In C hapter 7, w e discuss m ore sophisticated w ays of filling
m issing data points, w hich can help to preserve the properties of the dataset better (such as
m ean and variance). W e give a specific exam ple for C D S data, in C hapter 8, w here data
m ight be m issing in certain tenors. If a dataset has very little structure, w e m ay need to do a
significant am ount of preprocessing in order to m ake it usable for signal generation later.



This is especially likely to be the case if our dataset consists of data types such as text or
im ages.

In general, data quality is fraught w ith challenges such as:

C larity. Is there sufficient data definition clarity to support decision m aking w ith the
data?

U niqueness. Is there a single source of truth, both globally and w ithin a given dataset?

Internal consistency. Is the data internally structurally sound, w ith datatype requirem ents
obeyed throughout dim ensions?

External consistency. Is the data externally structurally sound, w ith no im possible
com binations of data attributes?

Tim eliness. Is the data available at the required tim e for a given application?

C om pleteness. Is data m issing irrespective of tim e?

Validity. Is the data an accurate reflection of the real-w orld event(s) it describes?

Veracity. Is the data credible, and w hat confidence level can be attributed to the data,
given its context (including any transform ations it has undergone)?

Throughout data's usage lifecycle, m achine learning techniques can enhance quality by both
autom ating existing tasks and extending m onitoring to previously resistant quality
dim ensions. W e w ill show  som e exam ples in C hapters 7, 8, and 9.

5.2.8. Step 8. Signal Extraction
O nce the dataset has been fully preprocessed after our initial testing suggested a dataset had
som e prom ise, the next step is to construct the signals. For trading this is likely to entail a
num ber of steps, such as the construction of strategies or indices. In som e cases, the objective
m ight be sim ple buy or sell signals, for exam ple, for a quantitative hedge fund. O ften this is
done by com bining the signal w ith those derived from  other datasets. These signals are then
fed into a portfolio optim izer to w eight them . For discretionary traders, it m ay w ell sim ply be
a forecast that is used as an input into the trading process. For econom ists, the signal is likely
to be in the form  of a forecast. For risk m anagers, a signal m ight involve the construction of
volatility forecasts or other sim ilar risk m etrics, or signal to exit a certain m arket/asset
class/asset. W hatever the purpose, w e need to backtest any signal to see how  it perform ed
w ith historical data, if available and sufficient, as discussed in Section 2.5.

The signal extraction process is iterative and involves the use of SM Es and business analysts.
B rainstorm ing sessions are a critical com ponent of scaling the signals extraction process by
generating testable hypothesis for data science resources. H ence, expertise in data and m arket
trends is required to encourage full exploitation, and m onetization, of the purchased data
assets.

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



im plem entation (even if Step 5 pointed in the opposite direction!). This w ill be judged by
som e pre-established success criteria or m etrics such as the alpha generated by the signal
averaged across a period of tim e m inus the costs. If this is the case, a careful consideration
m ust be m ade as to w hy this is the case. Is it because of m istakes ‌ and hence this step should
be repeated ‌ or som e other fundam ental reason? The conclusion could be that there is
indeed no signal. The findings should be archived and the process term inated here. In case of
positive outcom e of the signal extraction, the next step is to im plem ent it in production.

5.2.9. Step 9. Im plem entation (or Deploym ent in Production)
So far, w e have gone through a successful signal extraction stage and found a usable signal
that has been validated in our analysis. W e have also onboarded the dataset and preprocessed
it. The final step is to create a production im plem entation of our m odel and to run it in a live
environm ent.

For a PO C , it is fine to receive data from  a vendor in an ad-hoc w ay, such as via e-m ail or
U SB  key. H ow ever, in order to use data for production, w e need to be able to retrieve it in an
autom ated w ay. For high-frequency data, this w ill often require the w riting of w rappers for
A PIs provided by the data provider, to ingest high-frequency data on a real-tim e basis. The
tim e it w ill take to integrate such an A PI into a fram ew ork w ill depend on the form at in
w hich the data is provided to us. For low er-frequency data, such as daily or w eekly data, w e
m ight potentially be able to dow nload flat files (e.g. in C SV, X M L, or Parquet form at) on a
batched basis, w hich is likely to be sim pler to install.

From  a production perspective, w e need to m ake sure that our test infrastructure is also
replicated, from  ingesting the data, to preprocessing, generating the signal, and so on. This
w ill require the rew riting of code, possibly even starting from  scratch. For applications w here
high perform ance is required, this can m ean shifting from  languages used in data science
such as Python and R , to languages like C ++, Java, or Scala. It can also m ean spending a
significant am ount of tim e m aking sure that any calculations are done on distributed
infrastructure to speed up processing, if this w asn't already undertaken during the testing
phase. For firm s that have not dealt w ith such datasets before, it is likely that they w ill need
to invest extra tim e and budget in developing such infrastructure.

A t this stage, appropriate controls for risks m ust be put in place. For exam ple, if one of the
data feeds to the m odel disappears, w e m ust receive a notification. If the trading signal is too
strong and suggests high-volum e trades that exceed trading lim its, a ―kill sw itch‖ control
could be put in place.

5.2.10. M aintenance Process
O nce a dataset is used as a production m odel, w e need to m onitor it. There are tw o types of
live m onitoring that can be put in place to detect dataset shifts and act accordingly. The first
one follow s the perform ance m easures. This m ight be challenging in cases w here there is not
an established ground truth. For exam ple, if it is a predictive classification m odel (e.g. stock
going up or dow n), this could be a regularly generated confusion m atrix. The second



m onitors the discrepancies betw een the distributions of the independent variables in the
training dataset and the live data. W e m ust stress that a m odel could also start producing poor
forecasts because of purely m undane problem s, such as one of the input features is m issing
due to a fault in the data flow s or m aybe because the sensors and the processes w ere
reconfigured not to collect this inform ation anym ore, and the data vendor failed to inform  us.
C ontrols m ust be put in place to detect any such anom aly. H ence, alternative data variability
w hich m akes proactive quality m onitoring and rem ediation m uch needed.
If deterioration in the m odel is detected, there are several actions that can be taken. First, w e
need to understand w hat caused the problem . Is it a m undane problem  like the one m entioned
above or is there evidence of a dataset shift? Second, w e need to fix it. If the problem  is
technological, the rem edy should be also technological. If it is due to a change in the
processes that capture the data, the fix m ay not be that straightforw ard. There can be m any
reasons w hy this can occur. D ata com panies m ay shut dow n or they m ight sim ply stop
publishing datasets, if the source data is no longer available, or they m ay sim ply change the
form at of the data. This w ill result in m issing variables in our m odel. There is a reduction in
the quality of data w e receive from  a data vendor, because the panel of data has changed
significantly, w hich m akes it less representative.

For m ore com m oditized datasets, w e m ay be able to substitute these easily w ith sim ilar
datasets. H ow ever, this m ight prove trickier for m ore unusual alternative datasets.
Furtherm ore, w ithin alternative data space, even for datasets w ithin the sam e category, such
as new s, the w ay the dataset is generated and treated m ight differ significantly betw een
vendors. H ence, w e can't sim ply sw ap datasets w ithout additional w ork and changes to the
underlying m odel, like recalibration. If the m issing variable has low  m arginal predictive
pow er, for exam ple, perhaps w e could sim ply ignore that feature and not expect this to
im pact returns significantly. O f course, this is a tem porary fix and a redevelopm ent of the
m odel w ithout that feature becom es necessary. If the problem  is caused by a dataset shift, w e
m ust understand w hat type of shift that is. This can be challenging and also tim e consum ing.
It is not an exaggeration to say that detecting the reason for deterioration can take longer than
m odel developm ent itself.

There m ight w ell be other reasons w hy a m odel has stopped w orking as expected that are not
related to data recording issues. It m ight be the case that the capacity of the trading strategy
has been exceeded as m ore and m ore traders are replicating it and w e start seeing alpha decay
because of this. Furtherm ore, as m entioned in the introduction to this chapter, financial tim e
series are often not stationary, w hether w e are referring to price data or m acroeconom ic data.
Their properties can change over tim e. W e can observe significant shifts in behavior of the
m arket, such as w hen w e observe changes in m arket regim e. This change of regim e m ay
render the strategy loss m aking, as the m arket is no longer reacting to the factor w e are
m odeling. Let's say w e have had a m odel that aggregated G reek language new s during the
G reek debt crisis. A t the tim e this w as a m ajor driver for EU R /U SD . B y contrast, once the
w orst turbulence had passed for the G reek debt crisis, such a dataset w as unlikely to be as
relevant for trading EU R /U SD .



The m aintenance process doesn't only encom pass technical issues associated w ith the
m odels. There is also a need to continually m onitor any regulatory developm ents to m ake
sure existing processes are com pliant. This can also be useful, for exam ple, in giving us prior
w arning about the discontinuation of datasets due to regulatory changes. Lastly, w e need to
m ake sure that w e have sufficient m anpow er to run the m aintenance process of our
alternative data m odel. W e are likely to need data scientists, data engineers, technologists,
com pliance officers, and others to help w ith such m aintenance tasks.

5.3. STRUCTURING  TEAM S TO  USE ALTERNATIVE
DATA
W hen structuring a team  for dealing w ith alternative data, w e note that in the long term , it is
not sufficient purely to hire data scientists in isolation and ask them  ―do som ething w ith the
data.‖ D ata can only be m onetized in an investm ent firm  if it is used to help m ake profitable
investm ent decisions. In m any large firm s, there has been effort to centralize alternative data
initiatives into central team s, w hich cover several different parts of the pipeline from
identification and sourcing of data, to ingesting data, and then analyzing data.

D ata scouts/strategists are an im portant part of any alternative data process, to help locate and
identify datasets externally and to act as a bridge w ith internal team s. A s w e noted in Section
5.2.2, a data scout requires very specific skills. It is not possible to evaluate every dataset in
existence given the constraints of tim e and cost. H ence this initial identification stage to
choose w hich datasets to evaluate m ore closely is key. A s a result, a data scout is an essential
figure in the team .

D ata engineers need to be hired to deal w ith the challenges of ingesting large quantities of
data and storing them . The skillset for data engineers w ill be som ew hat different than that for
data scientists, and w ill involve understanding how  to distribute processes and how  to create
data lakes.

D ata scientists w ork to analyze the data. For fundam ental firm s, this m ight involve answ ering
specific questions from  the portfolio m anagers. In a sense, w e can think of data scientists as
generalists w ith skills in several different areas, including coding and statistics, as w ell as an
elem ent of dom ain know ledge, so sim ilar in skillset to traditional financial quants.

C entralization of the process of data purchasing is also likely to reduce costs of purchasing
datasets, rather than having individual team s negotiating separately, potentially for the sam e
datasets. W hen data purchasing is centralized, it can m ake it easier to keep track of w hich
datasets a firm  can access. B y creating a centralized pipeline for dealing w ith new  datasets, it
can reduce the tim e and cost of the evaluation process.

It is also incum bent on the business to leverage these resources. For exam ple, in funds, if
portfolio m anagers do not see alternative data as part of their investm ent process, then it is
unlikely that a firm  w ill be able to extract m uch value from  the w hole exercise of developing
an alternative data pipeline. D ata strategists and data scientists need guidance from  the



business to understand w hat investm ent questions are the m ost im portant and w hat m etrics
w ould be m ost useful for the business. This w ill help to guide them  in identification of w hich
datasets are m ost likely to be useful. U ltim ately, com m unication betw een the various team s is
critical to ensure the success of using alternative data w ithin an investm ent firm . O therw ise,
the data scientists end up w orking in an isolated environm ent, unable to provide the business
w ith insights. C om m unication is im portant to ensure that data scientists have the right
resources for their job. If a lack of com m unication and internal politics m eans that data
scientists are unable to even have access to data, it is likely they w ill leave.

The creation of centralized data science team s can often be done gradually, in particular in
firm s that have a m ore discretionary focus. W ith these types of firm s, often it is a good idea
to start w ith sm aller alternative datasets, w hich are less resource intensive to investigate and
do not require m assive team  to support using it. O ften resources m ight be reassigned
internally at the early stages. A s the business side sees benefits from  using such datasets, it
helps to justify additional spending of tim e and resources to grow  the data team  and buy
additional datasets.

The ―big bang‖ strategy of hiring a very large num ber of people externally to create a
centralized data team  all at once requires a substantial im m ediate upfront budget cost. If the
business does not see im m ediate benefits of such an approach, it m ight be difficult to justify
spending such large am ounts of m oney. A  strategy of obtaining sm all w ins from  using
alternative data and gradually expanding the team  m ay be m ore appropriate and m ore easily
endorsed by the business.

W e m ust say that creating a data science/engineering team  capable of harnessing alternative
data signals can be both expensive and tim e consum ing. A  diverse talent pool, typically not
found w ithin existing functions, is required to find, analyze, m odel, and productionize
alternative insights. Large firm s can set this up at a cost that is far below  the benefits they
w ill draw  from  alternative data. B y contrast, sm aller firm s could opt for signals created by
data vendors/fintechs and/or use platform s w here the big infrastructure costs are avoided.
From  this point of view , sm aller firm s m ust shop around to see w hich data vendor's offering
m atches their requirem ents and dem and.



A nnual Salaries
R ole E ntry L evel Salary (U SD  k) A pprox B onus
D ata A nalyst   80‌100   25%
D ata Scientist   80‌100   40%
D ata Scout   70‌90ῼ   15%
D ata Engineer   80‌110   30%
H ead of D ata 250‌1000 100%

Source: B ased on data from  alternativedata.org.

FIG U R E  5.1 C ost of setting up a data science team .

W e report in closing the approxim ate average spend to set up a data science team  in an
organization (see Figure 5.1). W e note that the sum s could vary betw een geographies and
also the nature of the fund.

A s w e see, a spend of $1m ‌$2m  can be a big ask for sm all or m edium -size investor. W e turn
to discuss how  the data vendor is responding to this and other challenges described in the
previous steps.

5.4. DATA VENDO RS
A t the tim e of w riting, the data vendor m arket rem ains fragm ented; there are several hundred
data vendors and thousands of datasets exist, and their num ber and variety continue to grow
every m onth. The press often brands data as the new  oil3 (Econom ist, 2017), and the supply
chain that data m oves bears a significant sim ilarity to the oil industry (Passarella, 2019). W e
can explore this analogy to better understand the data industry. There are m any parts of the
―data‖ supply chain.

Initially, data resides in the ―ground,‖ akin to crude oil; for exam ple, this m ight be an actual
corporate firm  w here the exhaust data w as generated. R aw  data providers, selling data w ith
little to no preprocessing, populate the upstream  portion of the supply chain. H ere the burden
of analysis is on the buyers' side, w ho m ust invest tim e and resources to m ake the data clean
and usable. B uyers are likely to be other data com panies them selves, w ho can ingest this
dataset, or in som e cases large quant hedge funds.

In the m iddle of the supply chain there are providers of processed data w ho clean and



aggregate data from  different sources to m ake it usable for a specific purpose such as equity
m arkets signals, oil price m ovem ents, and so forth. A n exam ple dataset is the full
geographical coverage of ship m ovem ents through aggregation and integration of data from
different A utom atic Identification System  (A IS) system s.

Finally, at the end of the supply chain, there are providers of signals engineered specifically
for the investm ent com m unity, usually covering one or a few  asset classes. This refinem ent
process is sim ilar to that perform ed by large chem ical com panies such as B A SF in the oil
refinery process. These providers often offer w hitepapers to prove the existence of signals
through specific case studies.

The data vendors' universe can also be segm ented according to their offering, that is, the level
of refinem ent of the data and the technological infrastructure used to deliver it. W e can
sum m arize this m ore explicitly as follow s.

M ost of the big data vendors provide D ata-as-a-Service (D aaS) ‌ m inim ally refined data
supplied directly to custom ers. State of the art provides: (1) connected data, via a single point
of access (SPV ), and the ability to custom ize the data feed to a client's specific requirem ents,
and (2) cleansed data w ith appropriate im putation and norm alized data concepts and entities.

W e also see a few  cases of Infrastructure-as-a-Service (IaaS)/Platform -as-a-Service (PaaS) ‌
flexible cloud infrastructure (and platform s) provisioned w ith sim plified access to data. State
of the art provides: (1) sim plified access to data w hile im proving usage m onitoring, (2) co-
located cloud infrastructure capable of supporting ultra-low -latency algorithm ic decisions
(and reducing com m unication infrastructure costs), and (3) access to cloud-based
elastic/burst com puting capabilities and a variety of price point storage solutions, presum ing
the co-location occurs in a cloud environm ent w ith sufficient scale. G iven the com plexities
and costs, this option is typically reserved for the large data vendors such as R efinitiv.

W e have not yet seen any data vendors fully capitalizing on the A nalytics-as-a-Service
(A aaS) space ‌ w here analytics data platform s hosted in IaaS/PaaS supply prebuilt
environm ents at scale.4 State of the art of this potential offering provides: (1) sim plified
access to data processing, providing off-the-rack data platform  solutions that can be readily
accessed, (2) app store engagem ent m odel that fosters agile fintech ecosystem , and (3)
utility-based pricing. A  key consideration here is the degree to w hich custom -built analytics
platform s represent a differentiator for the data consum er. In m ost cases these represent a cost
w ithout any discernible m arket edge and hence the requirem ent is better solved through
engagem ent w ith industry utilities.

Finally, som e data vendors (or sm all startups that acquire data from  different vendors)
generate signals5 that are sold to clients at a prem ium  that target specific m arket segm ents
and use cases.

The delivery m odel of a data vendor and the degree of transform ation of the data m ust be
driven by m arket research (and direct client outreach) and targeting appetite. W e discussed in
Section 5.2.1 that there are different types of data buyers that w e ranked according to the
level of sophistication. The question for the data vendor is w hat segm ents to target that w ill



inform  the m ost appropriate delivery m odel and the required investm ents.

5.5. SUM M ARY
In this chapter, w e discussed the general process for firm s w ishing to start using alternative
data. The initial stages require a lot of organizational w ork and investm ent to get the right
team  hired. W hen it com es to selecting and evaluating datasets, as w ell as technical w ork to
understand the value of a signal, a large am ount of due diligence needs to be perform ed
before any data is even ingested. This due diligence involves understanding how  the data is
produced. This also involves understanding the source of the raw  data to assess w hether it
poses any legal and other risks. If the dataset passes these initial checks, and proves to be
valuable in the backtesting (or another perform ance m easurem ent) stage, it is then possible to
m ove into production. H ow ever, the w ork does not stop there. It is also necessary to m onitor
the production process carefully and m aintain the high quality of the m odel.

NO TES
1   The conviction is that processing data (e.g. rem oving outliers) can throw  aw ay precious

inform ation.

2   This, how ever, restricts the options because curated signals m ight not be offered by all
data vendors.

3   H ow ever, unlike oil, data is a nondepletable and non-rivalrous asset. It is in principle
nonperishable, although its value can decay in tim e.

4   G eneric analytics vendors (e.g. SA S, C loudera, Pivotal) provide these capabilities.

5   For exam ple, R esearch Signals of IH S M arkit.
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CHAPTER 6
Factor Investing

6.1. INTRO DUCTIO N
Factor investing is a popular w ay to gain excess returns on top of m arket returns in the long
run w hile offering a variety of different investm ent options. In general, a factor can be
thought of as any characteristic relating to a group of securities that is im portant in
explaining their returns. A lternative data sources can be used to devise or anticipate
investm ent factors and hence, in principle, a strategy that can outperform  other passive
investing schem es, as w e w ill show  in the next chapters. In this chapter w e w ill sum m arize
the foundations of factor investing and point to how  alternative data can be used to create or
enhance factors. N evertheless, w e m ust say that factor investing is not the only w ay to m ake
use of alternative data. Indeed, in C hapters 1 and 2, w e noted that discretionary investors
could also incorporate alternative data in their fram ew ork. They could, for exam ple, use one-
off surveys to confirm /disconfirm  their belief about a position they hold.

6.1.1. The CAPM
U sing M arkow itz's w ork as their foundation,1 Treynor (1962), Sharpe (1964), Lintner (1965),
and M ossin (1966) all independently developed w hat is now  referred to as the C apital A sset
Pricing M odel (C A PM ).

O n top of M arkow itz's assum ptions, the C A PM  further assum es that (1) there exists a risk-
free rate at w hich all investors m ay lend or borrow  an infinite am ount, and (2) all investors
possess hom ogeneous view s on the expected return and volatility of all assets. U nder C A PM ,
all asset returns are explained by the m arket return plus som e random  noise specific to each
asset and unrelated to any other com m on factor, in other w ords the idiosyncratic risk. In
term s of expectations this is expressed as:

w here  is the return of the asset ,  is the return of the m arket,  the risk-free rate,
and , w ith  the correlation betw een the portfolio and the m arket,
and  and  the standard deviations of the portfolio and m arket returns respectively.
H ence the C A PM  is a one-factor m odel w here the only factor is the m arket.

It is im portant to note that the C A PM  can be derived m ore fundam entally from  a tw o-period
equilibrium  m odel2 based on investor optim ization, consum ption, and m arket clearing, so its
sim ple form  in Equation 6.1 could be m isleading as to the depth of the econom ic theory
behind it. Still the assum ptions behind it are very sim plified and stylized. N evertheless, it has
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gained w ide popularity and has w orked pretty w ell for a long tim e.

H ow ever, a large am ount of em pirical evidence has been accum ulated show ing that it does
not describe other sources of return beyond the m ovem ents of the m arket portfolio (Fam a and
French, 2004). B ecause of this, m any researchers have proposed alternative m ultifactor
m odels. W e discuss som e of them  here, but before doing so, w e w ill introduce m ore form ally
the notion of a factor m odel. O ne thing to note in this discussion is that, of course, w hat w e
define as the beta, or m arket factor, is not a ―hard‖ fact, but m ore a proxy of w hat a typical
m arket investor's returns w ould look like. In som e assets, a proxy to the m arket is relatively
easy to define; for exam ple, in stocks w e m ight choose S& P 500 w hile in bonds it m ight be
an index such as the B loom berg B arclays G lobal A gg. For other asset classes, like FX , there
isn't a w idely accepted notion of m arket index.3

6.2. FACTO R M O DELS
D efinition: (Factor M odel) ‌ Suppose w e have a set of  observable random  variables, 

. W e say that the  follow  a factor m odel if given another set of random
variables , w ith , and , w e have that:

w here the , ,  and  are independent, that is, 
, and the m atrix  is non-singular. The  are m ost often

associated w ith asset returns but can be prices or payoffs. Som etim es it is also assum ed that 
 and, if this is the case, one says that the  follow  a strict

factor m odel.4

There are three m ain types of factors: m acroeconom ic, statistical, and fundam ental (see
C onnor et al., 2010). M acroeconom ic factors can, for exam ple, be surprises in G D P, surprises
in inflation, and so on. Statistical factors, on the other hand, are identified through data
m ining techniques on tim e series of asset returns. They could be devoid of any econom ic
m eaning. Finally, fundam ental factors capture stock characteristics, such as industry
m em bership, country m em bership, valuation ratios, and technical indicators. Som e of these
factors have becom e so com m onplace that they can often be referred to as beta factors and
are the basis of m any so-called ―sm art beta‖ investing approaches; som e particular exam ples
of this can be m om entum -based approaches, and indeed w e shall discuss such a m om entum
factor later in this chapter.

C onnor (1995) com pares the fit of the three types of factor m odels ‌ m acroeconom ic,
statistical, and fundam ental ‌ on the sam e universe of assets (U S equities). H e finds that the
m acroeconom ic m odel perform s poorly com pared to the other tw o. This seem s intuitive,
given that m acroeconom ic factors are m ore likely to be suited to m acro-based assets, such as
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equity indices or FX , rather than for trying to explain the behavior of single stocks. W hile
m acroeconom ic factors do im pact stocks as a w hole, they are unlikely to be able to explain
the idiosyncratic behavior of specific stocks. The fundam ental m odel outperform s the
statistical, w hich at first sight m ight appear surprising as statistical m odels are designed to
m axim ize the fit. C onnor attributes this to the larger num ber of factors used in the
fundam ental m odel. In fact, the statistical m odel is focused on the returns dataset only w hile
the fundam ental one incorporates extra factors, such as industry identifiers.

A ccording to the type of m odel and the w ay w e choose to calibrate it, the num ber of
param eters w e have to estim ate differs, and som etim es having a parsim onious m odel is
highly desirable. Suppose w e have tim e series of length . Then w e w ill have the follow ing
sets of param eters to estim ate for each type of m odel5 (suppose a strict factor m odel):

1. Statistical: W e have to estim ate 6 (tim e series/cross-sectional
regression), w hich translates into:

param eters, using the  panel dataset of returns.

2. M acroeconom ic: W e have to estim ate  (tim e series regression), w hich
translates into:

param eters, using the  panel dataset of returns and  set of m acroeconom ic factor
innovations.

3. Fundam ental: W e have to estim ate  (cross-sectional regression), w hich
translates into:

param eters, using the  panel dataset of returns and  set of asset characteristics.

For large  the fundam ental m odel has few er param eters than the other tw o. H ow ever, it
uses the m ost data as the  dim ensional cross-section of fundam ental characteristics is
usually larger than the  dim ensional dataset of m acroeconom ic factors. This m eans that
the fundam ental m odel has m ore inform ation per param eter in case of large . C om pare all
three cases to a situation w here one has to estim ate directly the covariance m atrix of the asset
returns (i.e. no factor m odel involved). This m eans estim ating  param eters, w hich for
large  is a num ber significantly higher that those of the strict factor m odels w e have
discussed.
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C onnor (1995) also experim ents w ith hybrid m odels, for exam ple, m acroeconom ic and
fundam ental. The results show  that both statistical and fundam ental factors can enrich the
m acroeconom ic m odel. The opposite is not true in his findings ‌ m acroeconom ic factors add
little to the explanatory pow er of the statistical and fundam ental factors. M iller (2006) show s
on a dataset consisting of Japanese equities that at w eekly and m onthly frequency
fundam ental m odels outperform  statistical ones. H ow ever, he show s that, at daily frequency,
a hybrid m odel of the tw o can show  better perform ance.

6.2.1. The Arbitrage Pricing Theory
Stephen R oss (1972, 1973, 2013) proposed a purely statistical m odel to explain asset returns
based on the m ulti-factor form ulation of Equation 6.2 w ithout the econom ic structure behind
the C A PM . U sing the law  of one price in Equation 6.2 and neglecting the error term  leads
(given it has a m ean of zero) to:7

w ith , that is, the A PT im poses a strict factor m odel on the returns. It
is w orth noting that, unlike C A PM , A PT tells us nothing about w hat these factors should be
or about the sign of each factor's excess return .8 The num ber and nature of these
factors could potentially vary over tim e and across m arkets. A s a direct influence of the A PT,
m any new  m ulti-factor m odels w ere proposed after its publication. W e w ill now  exam ine the
m ost fam ous of them  ‌ the Fam a-French m odel.

6.2.2. The Fam a-French 3-Factor M odel
Fam a and French (Fam a and French, 1992) developed a w idely accepted m odel and the m ost
successful one so far. W e can say that it belongs to the class of hybrid m odels based on both
m acroeconom ic (the m arket) and fundam ental factors.

Fam a and French show ed that the C A PM  fails to adequately explain asset returns cross-
sectionally for portfolios consisting of sm all/large stocks, and of portfolios consisting of
high/low  book-to-m arket9 ratio stocks. It tends to underestim ate returns for sm all or high-
value stocks and overestim ate them  for big or low -value stocks.10 Fam a and French used
portfolios based on these ratios and tim e series regression analysis to show  the significance
of these factors. M ore specifically they proposed the follow ing m odel to explain the returns
of the portfolios over the risk-free rate:

w here  is the return of portfolio ,  the risk free rate,  the m arket return (calculated
as the return on the m arket cap w eighted portfolio of all stocks),  the returns of sm all
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stocks over big stocks,  returns of high-value stocks over low -value stocks, and 
stochastic error term . The  and  are constructed as follow s. The stocks universe
is partitioned by book-to-m arket ratio into 3 groups and by m arket-cap into 2 groups. Then
the follow ing further partitions are created as a C artesian product; that is, 

. Then
the follow ing quantities are calculated:

in w hich  and  are calculated m onthly.

Throughout Fam a and French (1992), Fam a and French (1993), and Fam a and French (1995)
it is show n that the Fam a-French 3-factor m odel explains cross-sectional asset returns better
than C A PM . In fact, their 3-factor m odel yields adjusted  above 0.9 for 21 out of 25
exam ined portfolios. In contrast, by using only C A PM , just 2 out of 25 cases yield such good
results (Fam a and French, 1993, pp. 19‌25).

H ence, rather than taking an equilibrium -based approach as the one on w hich the C A PM  is
founded, Fam a and French based their m odel on purely em pirical findings in the spirit of
A PT. A  lot of explanations have been attem pted ever since to understand w hy these factors fit
em pirical data so w ell. A re they proxy for som e m acroeconom ic variables? A lthough in this
w ay they w ould be easier to m otivate, attem pts to explain in this w ay the  and 
factors have not been extrem ely successful. H ow ever, research w ent also in the direction of
com plem enting the  and  factors w ith other factors w ith w hich their correlation
is low . M om entum  is such a factor, and this m otivated the C arhart m odel, w hich w e now
describe.

6.2.3. The Carhart M odel
There is em pirical evidence that a long portfolio of long-term  bad perform ers and short
previous long-term  high perform ers does better than the opposite (see Fam a and French,
1996). The perform ance is calculated over a long period ‌ that is, in the interval 
years before the rebalancing date. This m ay sound intuitive because stocks that have done too
w ell in the past m ight be overpriced and vice versa. Fam a and French, how ever, m anage to
explain the outcom e of this strategy in term s of their  factor (i.e. bad perform ers have
higher ).

H ow ever, if perform ance is calculated over the last 12 m onths ‌ that is, not in the interval 
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 years ‌ the picture is the opposite: good perform ers tend to continue to perform
w ell and vice versa. This behavior cannot be explained by the Fam a-French factors. This led
C arhart (see C arhart, 1997) to propose a 4-factor m odel, w hich, in addition to the Fam a-
French factors, includes a m om entum  factor:

in w hich  is constructed as the equal-w eighted average of stocks w ith the highest
30%  11-m onth returns lagged one m onth m inus the equal-w eighted average of stocks w ith
the low est 30%  eleven-m onth returns lagged one m onth. C arhart proves the significance of
this regression on a dataset of funds returns. H ow ever, he also show s that after accounting for
transaction costs, such a strategy is not necessarily w inning. The Fam a-French and C arhart
m odels are not the only ones (although the m ost fam ous and tested!) that w e can use in
practice. There is no fundam ental 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  m ore
data-m ining-based approach, w hich w e w ill now  discuss, is also perfectly justifiable.

6.2.4. O ther Approaches (Data M ining)
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 statem ents alone. Indeed, the case for using alternative data is
that w e can gain som ething on the top of accounting variables.11

W e m ust note that there are som e caveats to a pure data m ining approach though. A s pointed
out by Yan and Zheng (2017), an im portant debate in the literature is w hether the data-m ined
abnorm al returns that can be generated by a strategy are com pensation for system atic risk.
O ne exam ple of this is the carry-based factor m odel, w hich typically involves sorting assets
by their carry (e.g. dividends in stocks). Long positions are taken in higher carry assets,
funded by short positions in low  carry assets. Typically, those assets w ith higher levels of
carry are also m ore prone to large draw dow ns. H ence, the strategy effectively harvests a risk
prem ium , w hich is subject to periodic episodes of stress during m arket turbulence.

W hile data m ining can uncover evidence of m arket inefficiencies, it is also prone to detecting
patterns that are com pletely spurious and unstable through tim e. In other w ords, are w e
sim ply fitting to statistical noise? For exam ple, in the case m any variables are considered,
then by pure chance this could lead to abnorm al returns even if these variables do not
genuinely have any predictive ability for future stock returns. A n im portant test to perform  in
this case is w hether the uncovered signals are due to sam pling variation. O ther desirable
properties of the factors to be looked for are, for exam ple, persistence over tim e, large
enough variability in returns relative to individual stock volatility, and application to a broad
enough subset of stocks w ithin the defined universe (M iller, 2006).



Yan (2017), having first show n in their research that the fundam ental-based anom alies they
discover are not due to random  chance, investigate w hether they are consistent w ith
m ispricing or risk-based explanations. They conduct three tests for this purpose. W e refer the
reader to Yan (2017) for details around these tests but w hat is im portant to note is that their
results indicate that a large num ber of fundam ental factors exhibit genuine predictive ability
for future stock returns. That evidence suggests that fundam ental-based anom alies are m ore
consistent w ith m ispricing-based explanations.

W hile som e of their factors have been explored in previous studies by other authors, m any of
the top fundam ental signals identified in the Yan (2017) study w ere new  at the tim e of
publication and had received little attention in the prior literature. For exam ple, they find that
anom aly variables constructed based on, for exam ple, interest expense, tax loss carry-
forw ard, and selling, general, and adm inistrative expense are highly correlated w ith future
stock returns. They argue that it is reasonable to assum e that these variables m ay predict
future stock returns because they contain value-relevant inform ation about future firm
perform ance and the m arket fails to incorporate this inform ation into stock prices in a tim ely
m anner. They conclude that lim ited attention is a m ore plausible reason of w hy investors fail
to fully appreciate the inform ation content of the fundam ental variables docum ented in their
study. W e w ill leverage the approach and the findings of Yan (2017) later in C hapter 10.

A n im portant test that w e could perform  is how  the new ly discovered factors correlate w ith
the Fam a-French factors. This w ill show  us w hether the form er are a proxy for the latter and
hence redundant, or w hether they indeed contain som e additional signals. In the sam e spirit,
Fam a and French (1996) analyzed strategies based on factors different from  the  and 

 and found that the strategies are m ostly explained by their factors, and not purely by
the m arket beta. Indeed, a key point of using alternative data is the hypothesis that by using
an unusual dataset w e are less likely to find a signal that correlates w ith existing factors.

6.3. THE DIFFERENCE BETW EEN CRO SS-SECTIO NAL
AND TIM E SERIES TRADING  APPRO ACHES
Throughout this chapter, the trading rules w e have discussed include ranking assets based
upon a specific factor. W e then take positions in these assets depending on their ranking. In
other w ords, w e are constructing cross-sectional trading rules. H ence our position in one
asset is im pacted by the position in another one. W hile cross-sectional rules are popular in
equities, they can also be found in other asset classes w hen a factor-driven approach to
trading is used, based, for exam ple, on carry, w hich can be applied to m any asset classes
including FX . Som etim es these can be used to create m arket-neutral portfolios or
alternatively to adjust the w eightings on a long-only portfolio.

This contrasts to purely tim e-series-driven trading rules, such as those adopted by m any
m anaged futures trend-follow ing funds. Typically, they trade futures in various m acro-based
assets, including sovereign bonds, FX , equity indices, and com m odities, as opposed to single
stocks. They take long or short positions in a particular future, purely based upon the trend in



that asset, w hich is calculated based on the tim e series of a specific asset. This contrasts to a
cross-sectional approach, w here w e use som e sort of ranking approach across m any assets at
the sam e tim e.

6.4. W HY FACTO R INVESTING ?
A t this point, it is natural for one to ask w hat is the em pirical evidence of perform ance w hen
using factor-based strategies? There is som e evidence that in good m arket conditions, indices
based on extra factors do tend to outperform  a sim pler passive approach such as being long a
m arket-cap index. W e do of course note that, w hile such approaches are typically referred to
as passive, in practice, such indices do have rebalancing rules associated w ith them , w hich
tend to favor the larger cap stocks over tim e. H ence, ―passive‖ strategies m ight be m ore
active than investors believe.

In bad conditions, how ever, factor-based strategies can underperform  the m arket (see A ng,
2014). Particular exam ples of this are those that harvest a risk prem ium , like carry, as w e
have noted. In general, how ever, m arkets seem  to grow  and have longer periods of strength
than of w eakness. In the long run then, it w ould m ake sense that m arket returns occurring in
grow th periods m ore than com pensate for poor returns occurring during m arket declines and
beat the m arket index. In fact, this is exactly w hat w e have seen. Since 1973, there have been
m ultiple periods in w hich factor indices12 have underperform ed the m arket. O verall,
how ever, $1 invested in the M SC I W orld index from  1973 to 2015 w ould have risen to $34,
w hereas $1 invested in their value index w ould have risen to $49, or to $98 in their
m om entum  index13 (see A uthers, 2015). In the long run, then, it seem s that the benefits
outw eigh the costs, at least given the current em pirical evidence.

G iven the historical evidence of outperform ance of these factors over the m arket, a new  type
of passive investing has appeared. R ather than investing in the w hole m arket w eighted by
m arket cap, investors decided to incorporate these findings by selecting subsets of the m arket
to invest in, based on these factors (factor investing) or using alternative w eighting system s
to the m arket cap (sm art beta investing). The benefits of these m ethods are sim ilar to those of
passive investing:

Large investm ent capacity: D ue to investing in indices, the m arket cap of the chosen
investm ent universe is very large. It w ould, therefore, take an extrem e am ount of capital
to m ove the m arket in som e w ay (i.e. not to be a price taker). This is very attractive to
large funds (e.g. pension funds), because m any sm aller strategies do not scale w ell w hen
dealing w ith portfolio values in the high m illions/billions.

Low  costs: A s these m ethods are quite sim ple and can be readily autom ated, little effort
is required to execute them . Thus, costs are low  in term s of both factor selection and
execution. In the past m any of these sm art beta strategies w ere typically only available
to investors w ho allocated to hedge funds w hile these days variants of these factors are
available through low er-cost w rappers such as ETFs.



D iversification: A s these m ethods are based on index investing, w e still experience,
given a large enough universe to invest over, a very good level of diversification am ong
stocks.

C larke et al. (2005) show  that, w ith the addition of factor investm ent strategies, one can
expand the efficient frontier and push/rotate it northw est, thus offering higher returns for the
sam e level of risk.

6.5. SM ART BETA INDICES USING  ALTERNATIVE DATA
INPUTS
For m any years, financial indices have been used to benchm ark m arket perform ance and are
frequently tracked by institutional investors. The index m arket has evolved in the last few
years w ith the introduction of them atic and factor-based indices (sm art beta), but they have
not evolved too m uch to leverage the abundance of alternative data. H ow ever, recently, som e
index providers have started considering incorporating alternative data into a new  generation
of indices.

For exam ple, a com pany nam ed Indexica14 provides indices such as Severity, O pportunity,
C om plexity, and Futurity. Futurity, for exam ple, analyses through N LP and assigns a score
regarding how  m uch a com pany 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
betw een a 60%  and 70%  return over the past three years w hile the low est decile had a 20%
return over the sam e period.

R efinitiv created sector-based new s sentim ent indices, w hich track, for a given industry or
sector, the m edia sentim ent about this sector. B orovkova et al. (2017) em pirically investigate
the relationship betw een the R efinitiv sector sentim ent indices for 11 sectors and the stocks
trading in that sector. They show  that this relationship is particularly significant at tim es of
m arket dow nturns.

Indices are based on a set of underlying factors. For exam ple, the m ain factor driving the
S& P 500 is m arket capitalization. W e shall see in C hapter 10 that by using autom otive data
factors other than the m arket cap can be predictive for com panies' perform ance. W e shall
show  results w hen w eighting the com panies by m arket cap or equally, com paring them  to
results using autom otive data, including som e alternative datasets relating to the autom otive
supply chain. Later, in Section 6.8, w e give a broader overview  of how  to incorporate
alternative data into the process of creating indices.

6.6. ESG  FACTO RS
Typically, w hen w e think of developing factor indices, such as trend, our m ain objective is to
m axim ize som e type of return statistic, w hether that is the Sharpe ratio, annualized returns, or
others. H ow ever, there are som e scenarios w here w e m ight w ish to incorporate other criteria



into our m odel. O ne such situation involves ESG -based factors for equities portfolios. In this
instance, w e w ant to select firm s that adhere to various ethical standards, related to the
environm ent, social, and governance concerns. This initiative to use ESG  has been driven by
investors, including som e of the w orld's largest funds, such as N orges B ank Investm ent
M anagem ent (N orges B ank Investm ent M anagem ent, 2018). There are no w idely accepted
definitions of w hat precise criteria to quantify com panies through an ESG  score. H ow ever,
w e can try to give a broad definition.

O n the environm ent side, w e can look at a num ber of factors, such as firm s' usage of energy,
how  they handle w aste, and so on. A s w e m ight expect, oil com panies are unlikely to score
very high on such criteria. B y contrast, firm s involved in m ore sustainable industries score
highly.

For the social part, it is possible to look at how  the com pany interacts w ith its clients,
w orkers, and local com m unity. It is unlikely that tobacco firm s score highly on this scale,
given that their products are harm ful to their users. W hat are w orkers' conditions like and is a
high priority given to their safety? D o they have policies for diversity? W hen w e look at
governance, w e need to see w hat their decision-m aking process is like. D o they listen to the
concerns of shareholders? D oes their board have oversight? D o they have policies in place to
m anage conflicts of interest? H ave they been accused of unethical and illegal practices such
as bribery? D o board m em bers have any significant conflicts of interest?

W e could argue that given clim ate change, firm s that score poorly on environm ental issues
are unlikely to be as good long-term  investm ents in the com ing decades. H ence there is likely
to be a link w ith long-term  returns and a firm 's environm ental score. O ne exam ple m ight be
an oil com pany that is not preparing for renew able energy. The sam e is also true of
governance. A  poorly governed firm  is unlikely to be a good investm ent, as it could be
subject to increased risks, w hether related to litigation or also fraud. From  the perspective of
social concerns, w e could also argue that firm s that restrict their recruiting pool to a very
sm all subset of the population are unlikely to be getting the best em ployees. Furtherm ore, the
lack of diversity could also foster a large am ount of groupthink. If firm s treat their em ployees
poorly, they are also unlikely to be productive as they could be.

It can be difficult to quantify the criteria for ESG . A fter all, m ost of the questions w e ask are
qualitative. H ow ever, w e are ultim ately interested in creating a tim e series of quantifiable
results on w hich to rank com panies. A t present there are a num ber of alternative data vendors
developing data products that give ESG  data for com panies. These include firm s such as
Engaged Tracking. Firm s developing m etrics for ESG  can use a variety of techniques to
harvest this inform ation, ranging from  parsing new s to delving into annual reports of firm s,
essentially com bining a m ixture of data sources from  w ithin and outside the firm .
R obecoSA M  created an annual C orporate Sustainability A ssessm ent (C SA ) for over 4800
com panies based on ESG  criteria. R obecoSA M  has partnered w ith S& P to create factor-
based indices for com m on factors, such as m om entum , w hich also incorporate ESG
inform ation derived from  C SA .



6.7. DIRECT AND INDIRECT PREDICTIO N
G iven our ultim ate goal of predicting asset returns by m aking use of alternative data, w e have
three w ays to proceed. W e can either directly predict asset returns from  the alternative data at
hand; or w e can use it to first predict som e fundam entals and then m ake the link from  the
fundam entals to asset returns; or w e can predict asset returns by jointly using alternative data
and fundam entals. In the case of a com pany, the fundam entals can be financial ratios, such as
book-to-m arket, leverage, earnings per share, or the like. There m ight be instances w here the
alternative dataset w e are exam ining is already in a relatively structured form , w hich m akes it
intuitive to hypothesize that it has a direct relationship w ith returns. H ow ever, this m ight not
alw ays be the case.

In the case of investing m acro-based assets, such as bonds or FX , w e m ay seek to forecast
m acro data. These could be budget deficits or labor m arkets, for exam ple. W e could also seek
to track central bank com m unications to understand how  they w ill likely change m onetary
policy, in reaction to shifting fundam entals. There is no w ay to say w hich one is better
because it depends on the specificity of the problem  and of the data. In practice, even if w e
are trading single stocks, w e m ight also w ish to have a broader-based m acro overlay, as
equity sector perform ance can be very sensitive to the various stages of the econom ic cycle.

O ne can argue in favor of first predicting fundam entals. In fact, there is econom ic intuition of
w hy, say, com pany fundam entals should drive equity returns. If, for exam ple, revenues-to-
expenses decreases, our intuition suggests that this w ill negatively im pact the equity price. If
leverage increases, w e also expect the credit spread to go up. W e can also conjecture that
m acroeconom ic fundam entals are likely to im pact m acro assets such as sovereign bond
m arkets or currency m arkets. If econom ic data becom es w eaker, it is likely that central banks
w ill be m ore dovish. H ence, bond yields are likely to fall as the m arket prices in a m ore
dovish outlook. C onversely, w hen econom ic data is consistently strong and pointing to higher
inflation, it is likely that yields could rise. The rationale is that the m arket is pricing in a m ore
haw kish central bank. The shift in m onetary policy expectations often also ripples into the
w ay currency m arkets trade.

Then w e can use alternative data to predict such ratios. The approach w ould differ betw een
industry sectors. In the case of revenue forecasting of, say, shopping centers, satellite im ages
from  parking lots could be a good predictor. For a firm  such as A pple, w e w ould need to try
different approaches to forecast revenues. In this case, their revenues are heavily related to
iPhone sales, and one w ay to do this could be through tracking m entions of iPhone in social
m edia (Lassen, M adsen, &  Vatrapu, 2014). W e can also try to trade our fundam ental forecast
predictions around specific short-term  events, such as quarterly com pany equities releases or
econom ic data releases. A dm ittedly, there are likely to be som e capacity constraints around
such short-term  strategies.

H ence, the m odeling path w e are opting for in this case (M odel A )15 is show n in Figure 6.1.

C ontrast this w ith the direct approach (M odel B ) in Figure 6.2.
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A  third approach in w hich both alternative and fundam ental data are used directly to predict
asset returns is show n in Figure 6.3.

FIG U R E  6.1 Probabilistic G raphical M odel (PG M ) show ing a potential m odeling sequence
(M odel A ) w here A D  = A lternative D ata, F = Fundam entals, A R  = A sset R eturn.

FIG U R E  6.2 A nother potential m odeling sequence (M odel B ).

FIG U R E  6.3 A  third potential m odeling sequence (M odel C ).

It is im portant to understand w hat all these alternatives m ean. A ssum e for the sake of
sim plicity that w e have only one variable in the alternative dataset trying to predict only one
fundam ental ratio, and let's focus on the case of linear regression m odels. In term s of
equations, M odel A  translates into:
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w ith the assum ption that . For M odel B  w e have:

and for M odel C :

w here it is assum ed that . There is no w ay to conclude upfront w hich
is the best m odel but each m odeling sequence w e choose com es w ith assum ptions w ith
regard to the correlation (of lack thereof) betw een residual error term s.

W e m ust say that practical considerations w ill also guide the m odeling choice, like the
availability of data. For exam ple, assum e that w e have alternative data only for a short
am ount of tim e, say, 2 years of daily observations. C om pany fundam entals, on the other
hand, are only available at quarterly frequency or perhaps sem i-annual frequency, depending
on the country. This m eans that over the 2 years' tim e w indow , the equations used to predict 

 (M odel A  and M odel C ) w ill have very low  statistical pow er. In M odel C , this also m eans
converting  to quarterly frequency, thus losing potential variation due to low er tim e
granularity. If the asset returns are available daily, then a better option could be to use
directly M odel B  but w ith the caveat that w e m ight sacrifice som e econom ic intuition. W e
w ill test the three approaches in C hapter 10 on a dataset consisting of global autom otive
stocks, alongside an alternative dataset from  IH S M arkit on the autom otive supply chain.

W e also point readers to other literature on this subject. This includes G uida (2019), w ho
applies m achine learning for factor investing. Their study uses a m achine learning technique
(X G B oost) to incorporate features based on equity ratios into a factor m odel that trades
single stocks. A lberg and Lipton (2018), m eanw hile, use deep learning to forecast traditional
com pany fundam ental ratios. These forecasts are used as inputs into an equity factor trading
m odel. W e shall elaborate on this paper in C hapter 10, in our ow n analysis of a trading
strategy on autom otive stocks.

6.8. SUM M ARY
In this chapter, w e gave a brief introduction to factor-based investing, discussing som e of the
m ost com m on factor m odels. W hile factors such as trend and value are very w ell established
and form  the basis of various sm art beta indices, w e noted that alternative data could be used
w ithin the process to enhance existing factors and also create new  ones. A s w e m ight expect,
factor-based investing is usually focused on im proving the return statistics for an investor.
H ow ever, it is possible that investors m ay have other objectives, over and above purely



exam ining returns. W e cited the exam ple of ESG  datasets that could be used by factor
investors to include in their investm ent process, considerations related to environm ental,
social, and governance firm s. In general, firm s that score highly on ESG  criteria are also
likely to be good investm ents. For exam ple, it is unlikely that a firm  that is seen as having
governance issues and significant conflicts of interest w ould be seen as a plus by m arkets.

NO TES
1   W e assum e that the reader is fam iliar w ith the basics of M arkow itz's portfolio theory. For

those w ho are not, w e advise the follow ing literature: M arkow itz (1991), M arkow itz &
Todd (2000).

2   See C ochrane (2009) for a derivation of the C A PM  in a fundam ental equilibrium
approach. The ―prediction‖ of such an approach is essentially Equation 6.1.

3   In theory, the m arket in Equation 6.1 m ust include all the asset classes. In practice, it is
very difficult to construct such an index, so proxies are preferred.

4   In the case of w ell-diversified portfolios, one can indeed argue that the idiosyncratic errors
can be neglected. H ow ever, such assum ption does not alw ays hold in practice. In fact,
netw ork effects (i.e. non-vanishing correlations) can be present am ong the  and they
m ight be non-negligible (see B illio, 2016; A helegbey, 2014).

5   See C onnor (2010).

6   W e drop the subscripts here.

7   See C ochrane (2009) for the derivation of Equation 6.6 both in the absence of stochastic
error term s and in their presence. In the latter case, the argum ent goes that diversification
can rem ove idiosyncratic risk as error term s are uncorrelated w ith one another and w ith
the factors. This, of course, m ight not hold because in reality, for finite portfolios, the
residuals' sm all risk can still be priced in, or even for very large portfolios w here som e
assets could represent large portions of the m arket. See again C ochrane (2009), C hapter 9,
and B ack (2010), C hapter 6, for a discussion on the topic.

8   C ould be regarded as a risk prem ium  in case of positive sign of .

9   The book-to-m arket ratio is defined as the book value of a com pany divided by its m arket
capitalization (a stock's price tim es shares outstanding). The book value is defined as the
net asset value of a com pany (i.e. the difference betw een total assets and total liabilities).

10 Low -value stocks are also called grow th stocks; high-value stocks are sim ply som etim es
called value stocks.

11 Factors other than those based on accounting variables or alternative data can be of value
as w ell. The m om entum  factor in the C arhart m odel, for exam ple, is constructed from  past



stock returns, w hich is neither accounting nor alternative data.

12 Indices constructed w ith w eights according to som e risk factor (e.g. the value factor).

13 These are the equivalent of roughly 8.8% , 9.7% , and 11.5%  com pound annual returns,
respectively.

14 https://w w w .indexica.com /.

15 In this section w e w ill m ake use of the language of Probabilistic G raphical M odels
(PG M ). For an introduction see K oller et al. (2009).
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CHAPTER 7
M issing Data: Background

7.1. INTRO DUCTIO N
A s w e discussed in Section 3.3.2, dealing w ith m issing data ‌ a ubiquitous problem  ‌ is one
of the crucial steps in m aking data useful at all. In this chapter w e w ill describe the problem
of m issing data im putation in m ore general term s. W e w ill present a specific case study that
focuses on filling gaps in m ultivariate financial tim e series in the next chapter.

Providing a general recipe for tackling m issing data is not possible, given that the problem
arises in m any different-in-nature practical applications. For exam ple, filling gaps in financial
tim e series can be quite different from  filling gaps in satellite im ages or text. N evertheless,
som e techniques can be w idely reused over different dom ains, as w e w ill show  in this chapter
and the next. Techniques to fill m issing data are applicable regardless of w hether or not a
dataset is alternative, so in w hat follow s w e w ill not m ake such distinction. W e only rem ark
that, in general, w e expect to have m ore m issing data and data quality problem s in the
alternative data space. This is due to the increased variety, velocity, and variability of
alternative data com pared to m ore standardized traditional datasets.

Treating m issing data is som ething that m ust be perform ed before any further analysis is
attem pted. A  predictive m odel (e.g. an investm ent strategy) can then be calibrated on the
treated dataset as a second step. W e m ust be careful, though, to understand w hether the
m issing data in the training set w as som ething accidental (e.g. deleted records in the
historical database by m istake) or is a recurrent and unescapable characteristic of the data
that w ill reappear in live feeds, hopefully w ith the sam e patterns w hen later deployed in
production. In the latter case, the m issing data algorithm s m ust be im plem ented in production
as w ell. It is also im portant to understand w hether the m issing data algorithm s w e built in the
preprocessing stage are applicable in a live environm ent. This w ill depend on constraints
such as how  those algorithm s are im plem ented, w hat is the m axim um  com putational tim e
tolerated for the execution of the m issing data treatm ent step, and the like.

H ow ever, as w e already m entioned in C hapter 5, if m issing data is not som ething accidental
in the training set but reappears in production, it could start to appear in a com pletely
different pattern due to a variety of reasons. These could be a tem porary technical glitch that
m ust be fixed. A lternatively, it m ight be because certain inform ation is no longer collected
and hence the associated data feed is interrupted. In the latter case this m ight call for a
com plete revision of the algorithm s ‌ both for the investm ent strategy and for the m issing
data treatm ent step. A nother possibility is that the m issing data pattern has changed
com pared to the training set due to the changing nature of the input data. W ith m arket data,
one obvious exam ple can be changes in trading hours or the holiday calendar. In this case,
this calls for a revision and update of the algorithm  used to fill the m issing data and m aybe
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those of the investm ent strategy. A  careful analysis is necessary according to each individual
case to assess the best course of action. Last, non-stationarity (see Section 4.4.2) or regim e
changes can also im pact the data collection and hence the m issingness pattern. For exam ple,
w hen consensus estim ates are collected, say, for credit default sw ap prices, they are not
published if the dispersion of the analysts' estim ates is too big. A  disagreem ent betw een
analysts is m ore likely to happen in periods of m arket turm oil, w hich could thus add different
m issingness patterns to the data.

7.2. M ISSING  DATA CLASSIFICATIO N
Patterns of m issingness can appear in very different form s, w hich can im pact the im putation
strategy, as w e w ill describe in the follow ing sections. H ence, it is useful to first analyze
possible m issing m echanism s as w ell as com m on patterns.

In the statistical literature one usually considers the data being generated by a distribution
function, , w ith unknow n param eters . The functional form  of  m ay or m ay not
be know n. It is then of interest to clarify how  the m issingness pattern  is generated and
how  it is related to the observed data ‌ that is, w hat general form  the conditional distribution
function  has w here  is a collection of unknow n param eters. Form ally, w e
can separate the data into observed and m issing parts, . This is m eant to
be understood as follow s: there exists a com plete dataset , but w e only observe values 

. The values  are not observed, so usually w e w ould not know  them . H ow ever,
for the follow ing reasoning it is very useful to consider their values and their relation to the
m issingness patterns as w ell. In the literature typically the follow ing distinction is m ade:1

1. M issing C om pletely at R andom  (M C A R ): M issingness patterns do not depend on any
observed or non-observed data values:

2. M issing at R andom  (M A R ): M issingness patterns depend on observed but not on non-
observed data values:

O ne m ay find the term  M A R  confusing, since the m issingness pattern M  is not random ,
but rather depends on the observed values. It is, how ever, com m only used in the
literature.

3. M issing N ot at R andom  (M N A R ): M issingness patterns depend on both observed and
non-observed data values:



A n exam ple for M A R  is a survey w here incom e quotes are m issing for respondents above a
certain age. A n exam ple for M N A R  w ould be that in a survey incom e values are m ore likely
to be m issing if these values are below  a certain threshold and age (observed) is above a
certain value. In other w ords, respondents leave out incom e if they are old and earn little. The
distinction has the follow ing consequences: M C A R  and M A R  belong to a class of
m issingness that is called ignorable and that m akes it applicable for m ultiple im putation (M I)
approaches, w hich w e w ill describe later. R oughly speaking, the non-observed values can be
integrated out in these cases. In contrast, treating M N A R  carefully is m ore difficult since in
principle w e cannot predict the m issing values only from  the observed ones. In these
situations, extra data collection or additional insights from  dom ain experts can be useful.
Form ally, one can then introduce suitable priors to deal w ith the im putation. Som e of the M I
packages allow  for that.

7.2.1. M issing Data Treatm ents
In general, there are three m ethods to deal w ith m issing data: (1) deletion, (2) replacem ent,
and (3) predictive im putation. The first tw o are very sim ple and rudim entary, but they could
be used in cases w here the im pact of their application is sm all or building a predictive
im putation m odel could be too costly. W e describe the three m ethods in the follow ing.

7.2.1.1. Deletion
D eletion is the sim plest m ethod. It consists of sim ply rem oving records. This can be done
listw ise or pairw ise. Listw ise deletion m eans that any record in a dataset is deleted from  an
analysis if there is m issing data on any variable taken into consideration in the analysis. In
certain cases, this can be a viable option, but m ore often this constitutes a very costly
procedure because a lot of data is discarded. D ropping records reduces the sam ple size and
hence the statistical pow er of the results unless the rem aining sam ple is still substantial.
M oreover, this approach only w orks if the data is M C A R . If it is not, incom plete records that
are dropped w ill differ from  the com plete cases still in the sam ple. Then the rem aining
selected random  sam ple is no longer reflective of the entire population. This could lead to
biased results. In som e cases, listw ise deletion is entirely im practical; for instance, for the
credit default sw ap data discussed in the next chapter, w e w ould lose a lot of valuable data.2
Therefore, listw ise deletion now adays is usually dism issed in favor of m ore sophisticated
techniques.

In pairw ise deletion, m issing data is sim ply ignored and only the non-m issing variables are
considered for each record. Pairw ise deletion allow s the use of m ore of the data. H ow ever,
each com puted statistic m ay be based on a different subset of cases and this could cause
problem s. For instance, using pairw ise deletion m ay not yield a proper positive sem idefinite
correlation m atrix.

M ore flexible and pow erful strategies are ones w here w e predict m issing data from  the
observed one. G enerally, one can distinguish determ inistic from  stochastic approaches for
data im putation.



7.2.1.2. Replacem ent
A  basic determ inistic approach is to im pute m issing values for a particular feature by a
sim ple guess, such as the m ean of the observed values of this feature or the m ajority value
(m ode). This can be a successful strategy if the m issing fraction is very sm all. There are,
how ever, tw o problem s w ith this approach: (1) m ean or m ode im putation can be inaccurate,
and (2) as discussed extensively in the literature (see Little &  R ubin, 2019; Schafer, 1997),
this sim ple im putation technique alters the statistical properties of the data. For instance, the
variance of a variable is decreased through m ean im putation. For m issing values in a tim e
series, w e also need to be careful not to use a m ean that is com puted using future values, and
only use a m ean com puted on historical values.

7.2.1.3. Predictive Im putation
To overcom e the lim itations of the sim plem inded approaches, like m ean im putation, a
statistical fram ew ork has em erged over the last 30 years, w hich is term ed m ultiple im putation
(M I). The general idea of this fram ew ork is to deduce joint distribution functions from  w hich
the im puted data can be sam pled. The data im putation is then nondeterm inistic, and m ultiple
im putation sets can be generated. For predictive analytics on a com pleted dataset, statistics
for the predicted quantities can be com puted. H ence, the uncertainty about the im putation can
be properly accounted for. M oreover, these im putation techniques ensure that statistical
properties of the data, such as the underlying distribution, m ean, and variance are not altered
by the im putation.

This w ill be also one of the approaches w e w ill use in the case exam ined in the next chapter.
B ut before that, let's turn to provide a literature review  of som e m issing data treatm ents that
fall in the predictive im putation class.

7.3. LITERATURE O VERVIEW  O F M ISSING  DATA
TREATM ENTS3
A ccording3 to W ang (2010), inappropriate handling of m issing data can introduce bias,
leading to m isleading conclusions and lim ited generalizability of research findings. B arnard
(1999) argues that the m ost frequent types of associated problem s w ith the lack of m issing
data treatm ent are: (1) loss of efficiency; (2) com plications in handling and analyzing the
data; and (3) bias resulting from  differences betw een m issing and com plete data. This points
to the fact that treating m issing data is of crucial im portance to practical applications.

In w hat follow s w e w ill review  som e of the im portant papers, in our view , on m issing data
im putation. W e w ill substantiate the fact that ‌ as expected by virtue of the no-free-lunch
theorem  ‌ w e cannot have a best-perform ing im putation algorithm  for every problem .
Instead, the ―best‖ algorithm  m ust be chosen for the specific problem  w e are exam ining.

7.3.1. Luengo et al. (2012)



The first paper w e w ill sum m arize is that of Luengo et al. (2012), w hich com pares the effects
of 14 different im putation techniques on data on w hich 23 classifiers are subsequently
trained. The classifiers fall into these three categories:

1. R ule Induction L earning. This group refers to algorithm s that infer rules using
different strategies. Those m ethods that produce a set of m ore or less interpretable rules
belong in this category. These rules include discrete and/or continuous features, w hich
are treated by each m ethod depending on their definition and representation. This type
of classification m ethod has been the m ost used in cases of im perfect data.

2. A pproxim ate M odels. This group includes artificial neural netw orks, support vector
m achines, and statistical learning. Luengo et al. include in this group those m ethods that
act like a black box. H ence, those m ethods that do not produce an interpretable m odel
fall under this category. A lthough the naíve B ayes m ethod is not a com pletely black box
m ethod, the paper considers that this is the m ost appropriate category for it.

3. L azy L earning. This group includes m ethods that are not based on any m odel but use
the training data to perform  the classification directly. This process im plies the presence
of m easures of sim ilarity of som e kind. Thus, all the m ethods that use a sim ilarity
function to relate the inputs to the training set are considered as belonging to this
category.

The classification m ethods falling into the rule induction learning group are C 4.5 (C 4.5);
R ipper (R ipper); C N 2 (C N 2); A Q -15 (A Q ); PA RT (PA RT); Slipper (Slipper); scalable rule
induction (SR I); R ule induction tw o in one (R itio); and R ule extraction system  version 6
(R ule-6). The classification m ethods falling into the approxim ate m odels group are
m ultilayer perceptron (M LP); C -SV M  (C -SV M ); κ-SV M  (κ-SV M ); sequential m inim al
optim ization (SM O ); radial basis function netw ork (R B FN ); R B FN  decrem ental (R B FN D );
R B FN  increm ental (R B FN I); logistic (LO G ); naíve B ayes (N B ); and learning vector
quantization (LV Q ). The classification m ethods falling into the lazy learning group are 1-N N
(1-N N ); 3-N N  (3-N N ), locally w eighted learning (LW L), and lazy learning of B ayesian rules
(LB R ).

Finally, the im putation techniques they em ploy are do not im pute (D N I), case deletion or
ignore m issing (IM ), global m ost com m on/average (M C ), concept m ost com m on/average
(C M C ), k-nearest neighbor (K N N I), w eighted k-N N  (W K N N I), k-m eans clustering
im putation (K M I), fuzzy k-m eans clustering (FK M I), support vector m achines (SV M I),
event covering (EC ), regularized expectation km axim ization (EM ), singular value
decom position im putation (SV D I), B ayesian principal com ponent analysis (B PC A ), and
local least squares im putation (LLSI).

They first apply each im putation technique before applying each classification m ethod to
each of the 21 (im puted) datasets. Each im puter-classifier com bination is then given a rank
on how  it perform ed over the given dataset. The W ilcoxon signed rank test is then used to
assign each im puter-classifier a single rank,4 w hich can be seen in Figure 7.1. The low er the
value of the rank, the better that im putation technique perform s in com bination w ith that



classifier.

7.3.1.1. Induction Learning M ethods
Luengo et al. com e to the conclusion that, for the rule induction learning classifiers, the
im putation m ethods FK M I, SV M I, and EC  perform  best, as can be seen in Figure 7.2. These
three im putation m ethods are, therefore, the m ost suitable for this type of classifiers.
Furtherm ore, both FK M I and EC  m ethods w ere also considered am ong the best overall.

7.3.1.2. Approxim ate M odels
In the case of approxim ate m odels, differences betw een im putation m ethods are m ore
evident. O ne can clearly select the EC  im putation technique as the best solution (see Figure
7.3), as seen by its average rank of 4.75, alm ost 1 low er than the next nearest technique,
K M I, w hich stands as the second best w ith an average rank of 5.65. N ext, w e see FK M I w ith
an average rank of 6.20. In this fam ily of classification m ethods, EC  is, therefore, the
superior im putation technique.

7.3.1.3. Lazy Learning M ethods
For this set of m ethods (Figure 7.4) Luengo et al. find that M C  is the best im putation
technique w ith an average rank of 3.63, follow ed by C M C  w ith an average ranking of 4.38.
O nly the FK M I m ethod can be com pared w ith the M C  and C M C  m ethods w ith an average
rank of 4.75, w ith all other techniques having an average rank at or above 6.25. O nce again,
the D N I and IM  m ethods obtain low  rankings, w ith D N I com ing 13th of 14, w ith only the
B PC A  m ethod perform ing w orse.

R B FN R B FN D R B FN I C 4.5 1-
N N

L O G LV Q M L P N B κ-
SV M

C -
SV M

R ipper

IM   9   6.5 ῼ4.5   5   5   6 ῼ3.5 13 12 10 ῼ5.5ῼ ῼ8.5
EC   1   1   1 ῼ2.5 ῼ9.5   3   7 ῼ8.5 10 13   1 ῼ8.5
K N N I   5 ῼ6.5 10.5   9 ῼ2.5   9   7 11 ῼ6.5   8 ῼ5.5ῼ ῼ2.5
W K N N I 13 ῼ6.5 ῼ4.5 11   4 10 10 ῼ4.5 ῼ6.5 ῼ4.5 ῼ5.5ῼ ῼ2.5
K M I ῼ3.5   2   7   5 12   3 11   3 ῼ4.5   8 ῼ5.5ῼ ῼ2.5
FK M I 12 ῼ6.5 10.5 ῼ7.5   6   3 ῼ1.5 ῼ4.5 11 ῼ4.5 ῼ5.5ῼ ῼ2.5
SV M I   2 11.5 ῼ2.5   1 ῼ9.5 ῼ7.5 ῼ3.5 ῼ1.5 13   8 11 ῼ5.5
EM ῼ3.5 ῼ6.5 13 13 11 12 12.5 10 ῼ4.5 ῼ4.5 10 12
SV D I   9 ῼ6.5   7 11 13 11 12.5 ῼ8.5   3 11.5 12 11
B PC A 14 14 14 14 14 13   7 14   2   2 13 13
LLSI   6 ῼ6.5 10.5 11 ῼ7.5 ῼ7.5   7 ῼ6.5   9 ῼ4.5 ῼ5.5ῼ ῼ5.5
M C   9 ῼ6.5 10.5 ῼ7.5 ῼ7.5   3   7 ῼ6.5   8 11.5 ῼ5.5ῼ ῼ8.5



C M C   9 13 ῼ2.5   5   1   3 ῼ1.5 ῼ1.5 14 14 ῼ5.5ῼ ῼ8.5
D N I   9 11.5   7 ῼ2.5 ῼ2.5 14 14 12   1   1 14 14
PA RT Slipper 3-N N A Q C N 2 SM O LB R LW L SR I R itio R ule-

6
Avg.ῼῼ R A N K S

  1   4 11 ῼ6.5 10 ῼ5.5   5   8 ῼ6.5   6   5 ῼ6.83   7
6.5   1 13 ῼ6.5 ῼ5.5   2   9   8 ῼ6.5   6   1 ῼ5.7ῼ   2
6.5 11 ῼ5.5 11 ῼ5.5 ῼ5.5   9   8 11.5 11 11 ῼ7.76 10
6.5   7 ῼ5.5 ῼ6.5   1 ῼ5.5   9   8 11.5   6 11 ῼ6.96   8
6.5   3 ῼ5.5 ῼ6.5 ῼ5.5   9   9 ῼ2.5 ῼ9.5 12 ῼ7.5 ῼ6.24   5
6.5 10 ῼ1.5   2 ῼ5.5   3   9 ῼ2.5   1   2   3 ῼ5.26   1
6.5   7   9   1 ῼ5.5   9   3   8 ῼ6.5   6   2 ῼ6.09   3
6.5   7 ῼ5.5 12 13 11.5   9 ῼ2.5   3   6   4 ῼ8.37 11
6.5 12 12 10 12 11.5   1 12 ῼ9.5 10 11 ῼ9.72 12
13   7 14 13 14 13 13 13 13 13 13 11.87 14
6.5   7 ῼ5.5 ῼ6.5 11   9   9   8   3   6 ῼ7.5 ῼ7.22   9
6.5   2 ῼ1.5 ῼ6.5 ῼ5.5 ῼ5.5   3 ῼ2.5   3   6 ῼ7.5 ῼ6.11   4
12 13 ῼ5.5   3 ῼ5.5   1   3   8 ῼ6.5   1 ῼ7.5 ῼ6.28   6
14 14 10 14 ῼ5.5 14 14 14 14 14 14 10.61 13

FIG U R E  7.1 Average rank for all the classifiers. C olum n ―Avg.‖ is the average of all ranks
for a given im putation technique.

Source: B ased on data from  Luengo et al. (2012).



C 45 R ipper PA R T Slipper A Q C N 2 SR I R itio R ules-6 Avg.ῼῼ R A N K S
IM   5 ῼ8.5   1   4 ῼ6.5 10 ῼ6.5   6   5 ῼ5.83   4
EC ῼ2.5 ῼ8.5 ῼ6.5   1 ῼ6.5 ῼ5.5 ῼ6.5   6   1 ῼ4.89   3
K N N I   9 ῼ2.5 ῼ6.5 11 11 ῼ5.5 11.5 11 11 ῼ8.78 11
W K N N I 11 ῼ2.5 ῼ6.5   7 ῼ6.5   1 11.5   6 11   7   8
K M I   5 ῼ2.5 ῼ6.5   3 ῼ6.5 ῼ5.5 ῼ9.5 12 ῼ7.5 ῼ6.44   6
FK M I ῼ7.5 ῼ2.5 ῼ6.5 10   2 ῼ5.5   1   2   3 ῼ4.44   1
SV M I   1 ῼ5.5 ῼ6.5   7   1 ῼ5.5 ῼ6.5   6   2 ῼ4.56   2
EM 13 12 ῼ6.5   7 12 13   3   6   4 ῼ8.5ῼ 10
SV D I 11 11 ῼ6.5 12 10 12 ῼ9.5 10 11 10.33 12
B PC A 14 13 13   7 13 14 13 13 13 12.56 14
LLSI 11 ῼ5.5 ῼ6.5   7 ῼ6.5 11   3   6 ῼ7.5 ῼ7.11   9
M C ῼ7.5 ῼ8.5 ῼ6.5   2 ῼ6.5 ῼ5.5   3   6 ῼ7.5 ῼ5.89   5
C M C   5 ῼ8.5 12 13   3 ῼ5.5 ῼ6.5   1 ῼ7.5 ῼ6.89   7
D N I ῼ2.5 14 14 14 14 ῼ5.5 14 14 14 11.78 13

FIG U R E  7.2 Average rank for the rule induction learning m ethods.
Source: B ased on data from  Luengo et al. (2012).



R B FN R B FN D R B FN I L O G LV Q M L P N B κ-
SV M

C -
SV M

SM O Avg.ῼῼ R A N K S

IM   9 ῼ6.5 ῼ4.5   6 ῼ3.5 13 12 10 ῼ5.5 ῼ5.5 ῼ7.55 10
EC   1   1   1   3   7 ῼ8.5 10 13   1   2 ῼ4.75   1
K N N I   5 ῼ6.5 10.5   9   7 11 ῼ

6.5
  8 ῼ5.5 ῼ5.5 ῼ7.45   9

W K N N I 13 ῼ6.5 ῼ4.5 10 10 ῼ4.5 ῼ
6.5

ῼ4.5 ῼ5.5 ῼ5.5 ῼ7.05   6

K M I ῼ3.5   2   7   3 11   3 ῼ
4.5

  8 ῼ5.5   9 ῼ5.65   2

FK M I 12 ῼ6.5 10.5   3 ῼ1.5 ῼ4.5 11 ῼ4.5 ῼ5.5   3 ῼ6.2ῼ   3
SV M I   2 11.5 ῼ2.5 ῼ7.5 ῼ3.5 ῼ1.5 13   8 11   9 ῼ6.95   5
EM ῼ3.5 ῼ6.5 13 12 12.5 10 ῼ

4.5
ῼ4.5 10 11.5 ῼ8.8ῼ 11

SV D I   9 ῼ6.5   7 11 12.5 ῼ8.5   3 11.5 12 11.5 ῼ9.25 12
B PC A 14 14 14 13   7 14   2   2 13 13 10.6ῼ 14
LLSI   6 ῼ6.5 10.5 ῼ7.5   7 ῼ6.5   9 ῼ4.5 ῼ5.5   9 ῼ7.2ῼ   7
M C   9 ῼ6.5 10.5   3   7 ῼ6.5   8 11.5 ῼ5.5 ῼ5.5 ῼ7.3ῼ   8
C M C   9 13 ῼ2.5   3 ῼ1.5 ῼ1.5 14 14 ῼ5.5   1 ῼ6.5ῼ   4
D N I   9 11.5   7 14 14 12   1   1 14 14 ῼ9.75 13

FIG U R E  7.3 Average rank for the approxim ate m ethods.
Source: B ased on data from  Luengo et al. (2012).



1-N N 3-N N L B R LW L Avg.ῼῼ R A N K S
IM   5 11   5   8 ῼ7.25   7
EC ῼ9.5 13   9   8 ῼ9.88 12
K N N I ῼ2.5 ῼ5.5   9   8 ῼ6.25   4
W K N N I   4 ῼ5.5   9   8 ῼ6.63   5
K M I 12 ῼ5.5   9 ῼ2.5 ῼ7.25   8
FK M I   6 ῼ1.5   9 ῼ2.5 ῼ4.75   3
SV M I ῼ9.5   9   3   8 ῼ7.38   9
EM 11 ῼ5.5   9 ῼ2.5   7   6
SV D I 13 12   1 12 ῼ9.5 11
B PC A 14 14 13 13 13.5ῼ 14
LLSI ῼ7.5 ῼ5.5   9   8 ῼ7.5ῼ 10
M C ῼ7.5 ῼ1.5   3 ῼ2.5 ῼ3.63   1
C M C   1 ῼ5.5   3   8 ῼ4.38   2
D N I ῼ2.5 10 14 14 10.13 13

FIG U R E  7.4 Average rank for the lazy learning m ethods.
Source: B ased on data from  Luengo et al. (2012).

7.3.1.4. O verall
O verall, conclusions are not that straightforw ard (see Figure 7.5). FK M I obtains the best final
ranking; how ever, the EC  m ethod has a very sim ilar average ranking (5.70 for EC , 5.26 for
FK M I). There are som e additional m ethods that obtain sim ilar average rankings, not far off
of FK M I and EC . SV M I, K M I, M C , and C M C  have average rankings betw een 6.09 and 6.28
and w e cannot, therefore, firm ly establish one best m ethod from  am ong them  all, as already
anticipated.



R anking
R ule Ind A pprox L azy

EC 3 1 12
K M I 6 2 ῼ8
FK M I 1 3 ῼ3
SV M I 2 5 ῼ9
M C 5 8 ῼ1
C M C 7 4 ῼ2

FIG U R E  7.5 B est im putation m ethods for each group. The three best rankings per colum n
are stressed in bold.

Source: B ased on data from  Luengo et al. (2012).

7.3.2. G arcia-Laencina et al. (2010)
Sim ilar to Luengo et al. (2012), G arcia-Laencina et al. (2010) deal w ith the problem  of
handling m issing values and subsequent classification on the im puted data. R ather than
m aking a grouping by classifier, G arcia-Laencina aim s to review  a variety of approaches to
handling m issing data grouped into one of four follow ing broad categories (see Figure 7.6):

1. D eletion of incom plete cases and classifier design using only the com plete data portion.

2. Im putation or estim ation of m issing data and learning of the classification problem
using the edited set (i.e. com plete data portion and incom plete patterns w ith im puted
values). In this category, w e can distinguish betw een statistical procedures, such as
m ean im putation or m ultiple im putation, and m achine learning approaches, such as
im putation w ith neural netw orks

3. U sing m odel-based procedures, w here the data distribution is m odeled by som e
procedure, such as by expectation‌m axim ization (EM ) algorithm . The PD Fs of these
m odels are then used w ith B ayes decision theory for the classification.

4. U sing m achine learning procedures designed to allow  inputs w ith incom plete data (i.e.
w ithout a previous estim ation of m issing data).

The im putation m ethods that G arcia-Laencina et al. consider are m ean im putation,
regression, hot and cold deck im putation, m ultiple im putations, and m achine learning
im putation m ethods, including K N N , self-organizing m aps (SO M ), m ulti-layer perceptron
(M LP), recurrent neural netw orks (R N N ), auto-associative neural netw orks (A A N N ), and
m ulti-task learning (M TL).

For m odel-based procedures (category 3), they also cover m odel-based G aussian m ixture
m odels (G M M ), expectation-m axim ization (EM ) w ith k-m eans initialization, robust
B ayesian estim ators, neural netw orks ensem bles, decision trees, support vector m achines,
and fuzzy approaches.



FIG U R E  7.6 M ethods for pattern classification w ith m issing data. This schem e show s the
different procedures that are analyzed in G arcia-Laencina et al. (2010).

Source: A dapted from  G arcia-Laencina et al. (2010).

They assess all these m ethods by com paring m ean classification errors across 20 sim ulated
datasets over varying am ounts of m issingness along w ith a real m edical dataset pertaining to
thyroid disease.

O f the m achine learning m ethods used for im putation, they find, sim ilar to Luengo et al.
(2012), that it is very m uch a case of ―horses for courses‖ w ith different m ethods perform ing
better in different classification dom ains, as can be seen in 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 dom ain. Thus in real-life scenarios, a detailed study is required in order to
evaluate w hich m issing data estim ation can help to enhance the classification accuracy the
m ost.



M issing data in x1 (% ) M issing data im putation

K N N M L P SO M E M
5 9.21 ̄  0.56 9.97 ̄  0.48 9.28 ̄  0.84 8.29 ̄  0.24

10 10.85 ̄  1.06 10.86 ̄  0.79 9.38 ̄  0.52 9.27 ̄  0.54
20 11.88 ̄  1.01 11.42 ̄  0.44 10.63 ̄  0.54 10.78 ̄  0.59
30 13.50 ̄  0.81 12.82 ̄  0.51 13.88 ̄  0.67 12.69 ̄  0.57
40 14.89 ̄  0.49 13.72 ̄  0.37 15.55 ̄  0.66 13.31 ̄  0.56

FIG U R E  7.7 M isclassification error rate (m ean ̄  standard deviation from  20 sim ulations) in
a toy problem  (for m ore inform ation on the dataset see G arcia-Laencina et al., 2010) after
m issing values are estim ated using K N N , M LP, SO M , and EM  im putation procedures. A
neural netw ork w ith six hidden neurons is used to perform  the classification stage.

Source: B ased on data from  G arcia-Laencina et al. (2010).

M issing data in x2 (% ) M issing data im putation

K N N M L P SO M E M
5 15.92 ̄  1.26 15.84 ̄  1.13 16.32 ̄  1.13 16.19 ̄  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 ̄  1.29 19.30 ̄  1.23 19.23 ̄  1.12
30 20.58 ̄  1.31 20.76 ̄  1.34 22.04 ̄  1.01 21.22 ̄  1.12
40 22.61 ̄  1.30 22.76 ̄  1.23 24.06 ̄  1.29 23.11 ̄  1.37

FIG U R E  7.8 M isclassification error rate (m ean ̄  standard deviation from  20 sim ulations) in
Telugu problem  (a w ell-know n Indian vow el recognition problem ) after m issing values are
estim ated using K N N , M LP, SO M , and EM  im putation procedures. A  neural netw ork w ith 18
hidden neurons is used to perform  the classification stage.

Source: B ased on data from  G arcia-Laencina et al. (2010).



M issing data im putation
K N N M L P SO M E M

M isclassification error rate (% ) 3.01 ̄  0.33 3.23 ̄  0.31 3.49 ̄  0.35 3.60 ̄  0.31
 
A  neural netw ork w ith 20 hidden neurons is used to perform  the classification stage.

FIG U R E  7.9 M isclassification error rate (m ean ̄  standard deviation from  20 sim ulations) in
sick-thyroid dataset after m issing values are estim ated using K N N , M LP, SO M , and EM
im putation procedures. A  neural netw ork w ith 20 hidden neurons is used to perform  the
classification stage.

Source: B ased on data from  G arcia-Laencina et al. (2010).

7.3.3. G rzym ala-Busse et al. (2000)
G rzym ala-B usse et al. (2000) tests how  9 m ethods of dealing w ith m issing data affect the
accuracy of both naíve and new  LER S (Learning from  Exam ples based on R ough Sets)
classifiers across 10 different datasets.

The m issing data m ethods used are: m ost com m on attribute value; concept m ost com m on
attribute value; C 4.5 based on entropy and splitting the exam ple w ith m issing attribute values
to all concepts; m ethod of assigning all possible values of the attribute; m ethod of assigning
all possible values of the attribute restricted to the given concept; m ethod of ignoring
exam ples w ith unknow n attribute values; event-covering m ethod; a special LEM 2 algorithm ;
and m ethod of treating m issing attribute values as special values. M ore in-depth details of
these m ethods can be found in the paper itself. They use classification error rates and the
W ilcoxon signed rank test to assess w hich m ethods perform  best over the 10 datasets.

Figures 7.10 and 7.11 show  us the error rates of each classifier after im puting values using
each of the given m ethods for each dataset.



M ethods
D ata file 1 2 3 4 5 6 7 8 9
B reast 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 - - 6.56 6.76 6.76 6.76
H dynet 29.15 31.53 22.6 - - 28.41 28.82 27.91 28.41
H epatitis 24.52 13.55 19.4 - - 18.75 16.77 18.71 19.35
H ouse 5.06 5.29 4.6 - - 4.74 4.83 5.75 6.44
Im 85 96.02 96.02 100 - 96.02 94.34 96.02 96.02 96.02
N ew -o 5.16 4.23 6.5 - - 4.9 4.69 4.23 3.76
Prim ary 66.67 62.83 62 41.57 47.03 66.67 64.9 69.03 67.55
Soybean 15.96 18.24 13.4 - 4.1 15.41 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

FIG U R E  7.10 Error rates of input datasets by using LER S new  classification.
Source: B ased on data from  G rzym ala-B usse et al. (2000).

M ethods
D ata file 1 2 4 5 6 7 8 9
B reast 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
H dynet 67.49 69.62 - - 65.27 69.21 56.98 61.33
H epatitis 38.06 28.39 - - 32.5 37.42 41.29 34.84
H ouse 10.11 7.13 - - 9.05 10.57 12.87 11.72
Im 85 97.01 97.01 - 97.01 94.34 97.01 97.01 97.01
N ew -o 11.74 11.74 - - 11.19 11.27 10.33 10.33
Prim ary 83.19 77.29 53.16 60.09 81.82 80.53 82.1 79.94
Soybean 25.41 22.48 - 4.86 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

FIG U R E  7.11 Error rates of input datasets by using LER S naíve classification.
Source: B ased on data from  G rzym ala-B usse et al. (2000).

G rzym ala-B usse et al. first conclude that the new  extended LER S classifier is alw ays
superior to the naíve one. They then com pare the different im putation m ethods concluding
that the C 4.5 approach and the m ethod of ignoring exam ples w ith m issing attribute values are
the best m ethods am ong all nine approaches, w hereas the ―m ost com m on attribute value‖
m ethod perform s w orst. They also find that m any m ethods do not differ from  one another



significantly.

7.3.4. Zou et al. (2005)
Zou et al. (2005) aim s to assess 9 different m ethods of handling m issing data by testing the
im provem ent they give to each of the C 4.5 and ELEM 2 classifiers across 30 datasets,
com pared to ignoring data points w ith m issing values. They further com e up w ith m eta-
attributes for each dataset that are used in a rule-based system  (i.e. decision tree) to decide
under w hich circum stances one should use each im putation m ethod over the others.

Sim ilar to the other papers, and as the need for a rule-based system  w ould suggest, there is no
―clear w inner‖ in term s of im putation techniques. The efficacy of each very m uch depends on
the type of data and m eta attributes of the data. A s for their system  to select w hich im putation
technique to use, they conclude (after testing on a validation set) that this rule-based system
is superior to sim ply selecting one im putation m ethod for all datasets.

7.3.5. Jerez et al. (2010)
Jerez et al. (2010) tests a variety of im putation techniques to im pute m issing values on a
breast cancer dataset. They com pare the perform ance of different statistical m ethods, nam ely,
m ean, hot deck, and m ultiple im putation, against m achine learning m ethods, nam ely, m ulti-
layer perceptrons (M LP), self-organizing m aps (SO M ) and k-nearest neighbors (K N N ). For
m ultiple im putation, a variety of algorithm s/softw are are used; A m elia II (bootstrapping-
based EM ); W inM IC E (m ultiple im putation by chained equations based); and M I in SA S
(M arkov chain M onte C arlo based). Perform ance w as m easured via the area under the R O C
curve (A U C ) and the H osm er-Lem eshow  goodness of fit test.

They find that, for this dataset, the m achine learning m ethods w ere the m ost suitable for
im putation of m issing values and led to a significant enhancem ent of prognosis accuracy
com pared to im putation m ethods based on statistical procedures, as can be seen in Figure
7.12. In fact, only the im provem ents of these m ethods w ere deem ed statistically significant in
predicting breast cancer relapses com pared to the m ethod of rem oving entries w ith m issing
values.

A U C L D M ean H ot-deck SA S A m elia M ice M L P K N N SO M
M ean 0.7151 0.7226 0.7111 0.7216 0.7169 0.725ῼ 0.734ῼ 0.7345 0.7331
Std. dev.0.0387 0.0399 0.0456 0.0296 0.0297 0.0301 0.0305 0.0289 0.0296
M SE 0.0358 0.0235 0.0324 0.0254 0.1119 0.1119 0.024ῼ 0.0195 0.0204

FIG U R E  7.12 M ean, standard deviation, and M SE values for the A U C  (area under the R O C
curve) values com puted for the control m odel and for each of the eight im putation m ethods
considered.

Source: B ased on data from  Jerez et al. (2010).

7.3.6. Farhangfar et al. (2008)



Farhangfar et al. (2008) studies the effect of 5 im putation m ethods, across 15 datasets at
varying levels of artificially induced m issingness (M C A R ), on 7 classifiers. The im putation
techniques tested are: m ean im putation, hot deck, naíve B ayes (the latter tw o m ethods w ith a
recently proposed im putation fram ew ork), and a polytom ous regression-based m ethod. The
classifiers used are; R IPPER , C 4.5, k-nearest-neighbor, support vector m achine w ith
polynom ial kernel, support vector m achine w ith R B F kernel, and naíve B ayes.

The results show  that im putation w ith the tested m ethods on average im proves classification
accuracy w hen com pared to classification w ithout im putation. H ow ever, there is no universal
best im putation m ethod. They also note a few  m ore general cases in w hich certain im putation
techniques seem  to perform  best. The analysis of the quality of the im putation w ith respect to
varying am ounts of m issing data (i.e. betw een 5%  and 50% ) show s that all im putation
m ethods, except for the m ean im putation, im prove classification error for data w ith m ore
than 10%  of m issing data. Finally, som e classifiers such as C 4.5 and naíve B ayes w ere found
to be m issing data resistant. In other w ords, they can produce accurate classification in the
presence of m issing data w hile other classifiers such as k-nearest-neighbor, SV M s, and
R IPPER  benefit from  the im putation. A s C 4.5 and naíve B ayes classifiers w ere found to be
m issing data resistant, any m issing data im putation actually w orsened their perform ance.

7.3.7. Kang et al. (2013)
K ang et al. (2013) proposes a new  single im putation m ethod based on locally linear
reconstruction (LLR ) that im proves the prediction perform ance of supervised learning
(classification and regression) w ith m issing values. They com pare the proposed m issing
value im putation m ethod (LLR ) w ith six w ell-know n single im putation m ethods ‌ m ean
im putation; hot deck; K N N ; expectation conditional m axim ization (EC M ); m ixture of
G aussians (M oG ); k-m eans clustering (K M C ) ‌ for different learning algorithm s (logistic
regression; linear regression; K N N  regression/classification; artificial neural netw orks;
decision trees; and the proposed LLR ) based on 13 classification and 9 regression datasets,
across a variety of am ounts of (artificially induced) m issing data.

K ang claim s that: (1) all im putation m ethods helped to im prove the prediction accuracy
com pared to rem oving data points w ith m issing values, although som e w ere very sim ple; (2)
the proposed LLR  im putation m ethod enhanced the m odeling perform ance m ore than all
other im putation m ethods, irrespective of the learning algorithm s and the m issing ratios; and
(3) LLR  w as outstanding w hen the m issing ratio w as relatively high and its prediction
accuracy w as sim ilar to that of the com plete dataset.

7.4. SUM M ARY
A s w e have seen, each of the previous 7 papers draw s different, and in som e cases
conflicting, conclusions about a variety of im putation techniques. A side from  LLR  in K ang
(2013), m ost m ethods are deem ed to be superior in certain situations and not in others. A s
such, the general consensus seem s to be that there is no clear choice of im putation technique



that outperform s all others, other than possibly LLR . D ue to the lack of papers reporting on
LLR 's use for data im putation, though, w e are hesitant to categorically state it as the
im putation technique of choice, rather than suggest trying a variety of m ethods based on the
particulars of the dataset at hand. H ence, it is m ost likely that, as w ith all m achine learning
algorithm s, each has its ow n benefits and draw backs. H ence, there is no one algorithm  that
w orks in all cases in line w ith the no-free-lunch theorem .

The literature review  in this chapter is by no m eans exhaustive. It can also be the case that
none of these algorithm s is applicable for alternative data treatm ent w here, for exam ple,
spatial inform ation (e.g. satellite im ages) can be im portant to use. W e w ill show  how  to apply
spectral techniques in this case in the next chapter. A lso, tim e series could contain im portant
tem poral inform ation that can be leveraged. A gain, w e w ill show  a case study in the next
chapter w here inform ation about the tem poral ordering is used for the im putation.

NO TES
1   See Little (2019).

2   In any application, a judgm ent on w hether w e w ill lose a lot or a sm all am ount 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 exam ple. The calculation of
ES requires recent and plentiful data, w hich induces a low  tolerance to long streaks of
m issing data.

3   The reader can also take a look at G raham  (2009), w ho provides an exhaustive
introduction to m issing data problem s.

4   See Section 4.1 in Luengo et al. (2012).
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CHAPTER 8
M issing Data: Case Studies

8.1. INTRO DUCTIO N
In this chapter w e w ill present real-w orld case studies on im puting m issing values based on
m ultivariate tim e series of credit default sw ap (C D S) data and satellite im ages. B ut before
delving into it, let's start by introducing som e notation.1

For the case study in this section, w e use a description in term s of a standard data m atrix 
 w ith  observations and  features. This m eans that  has observations along

the first index (row s) and different features along the second index (colum ns). Since w e are
dealing w ith m ultivariate tim e series,  corresponds to the num ber of tim e series
com ponents and tim e stam ps increase along the colum ns. It is notew orthy that a lot of w hat
w e discuss also applies to data in different form ats such as heterogeneous data w ith 
different features. Im age data, for exam ple, can be represented w ith either  pixel
values.

A ll observations for a given tim e series com ponent  can be w ritten as a colum n vector .
The row  vector  collects all values of the com ponents for a particular
observation and w e define an observation vector by . Explicitly,
the m atrix  has the follow ing form :

A  typical m atrix w ith m issing data ( ) then looks like this:

It is useful to define a m issing m atrix  to describe the position of m issing data points; for
the exam ple above it is of the follow ing form :



(8.3)

This m atrix helps to keep track of the position of the m issing data and can also be used to
analyze all the m issingness patterns appearing. For a large num ber of features , w e can see
that one of the challenges of filling m issing data is that a large num ber of m issing data
patterns can appear, and it is not clear a priori w hich variables to use to predict the m issing
ones, since the predictors m ight as w ell contain m issing values. A s w e w ill discuss below  for
the C D S data discussed in this chapter, w e w ill have .

8.2. CASE STUDY: IM PUTING  M ISSING  VALUES IN
M ULTIVARIATE CREDIT DEFAULT SW AP TIM E SERIES
B efore w e jum p into the case study, let's discuss som e generalities. In literature, tim e series
are often dealt w ith by determ inistic techniques that, for instance, extract trend and seasonal
behavior. W e can split tim e series data into the univariate and the m ultivariate cases. Typical
im putation techniques for univariate tim e series include linear interpolation, m oving average
sm oothing and im putation, low  pass filters, A R IM A  decom position, splines, w avelet
expansion, K alm an filters, or singular spectrum  analysis (SSA ). These techniques are
particularly successful w hen the stretches of m issing data are short and if the tim e series has
a good signal-to-noise ratio.

Im putation for m ultivariate tim e series can in principle also be perform ed by these
techniques. H ow ever, w hen available, it can be particularly beneficial to use correlations for
im putation. These can be taken into account by m atrix decom position techniques such as data
interpolation w ith em pirical orthogonal functions (D IN EO F) or its extension, m ultiple
singular spectral analysis (M SSA ). Im portantly, M I im putation techniques also provide
m ultivariate tim e series im putation support using lags, leads, and explicit tim e covariates. W e
point out that im putations in this case study focus on w orking directly w ith the levels
(values) and not on returns (first differences). W orking w ith returns requires a different sort
of analysis and reconstruction of the levels m ay require stitching the integrated series or
approaches like B row nian bridge. Prelim inary analysis of this alternative approach did not
suggest a strong perform ance for this case study.

The purpose of this section is tw ofold: (1) w e introduce a system atic approach to deal w ith
m issing data for m ultivariate tim e series, and (2) w e benchm ark a num ber of advanced
techniques for im putation. The approach is relatively general and w ith m inor m odifications
can also be applied in other dom ains.

A s a first step in our procedure w e analyze m issingness patterns in the data. In principle,
there can be system atic reasons that particular data points are not reported, or data can be



m issing w ithout any pattern (i.e. essentially at random ). Thus, as a first step w e test for the
m issingness m echanism . Then w e extract features of the m issingness patterns and perform  a
cluster analysis of the m issingness patterns. This is very im portant to provide an overview  of
the m issingness space and it also feeds into the generation of a realistic train/validation set.
This is done by superim posing the different classes of observed m issingness patterns on
com pleted data.

O nce the test data has been generated, w e benchm ark the perform ance of different im putation
techniques. W e use state-of-the-art M I techniques based on IP (im pute-posterior, like
m ultiple im putation w ith chained equations, or M IC E) and EM  (expectation m axim ization,
like the R  package A m elia) versus state-of-the-art m ultivariate tim e series techniques
(D IN EO F) and m ultiple singular spectral analysis (M SSA ) on m ultivariate tim e series data.
W e w ill discuss advantages and disadvantages of the different m ethods. D epending on the
application and the underlying data, one m ight prefer one over the other. For instance,
determ inistic techniques such as D IN EO F and M SSA  m ay be able to m ore accurately
reconstruct a certain pattern in the data and hence fill values w ith higher accuracy. H ow ever,
M I approaches preserve the statistical properties m ore accurately.

8.2.1. M issing Data Classification
M issingness patterns can appear in very different form s, w hich can im pact the im putation
strategy. H ence, it is useful at first to analyze possible m issing m echanism s, as w ell as
com m on patterns to understand w hether they can be collected into sim ilar groups (clusters).
In this section, w e describe a fram ew ork for doing that. The follow ing procedure can be
applied to find and characterize m issingness patterns. A s a first step w e extract features of the
m issing data. The follow ing num erical quantities w ere found to be useful in our case:

1. Total fraction of m issing values.

2. Fraction of m issing data in particular features; hence, for instance, for the C D S data
consider the m issingness fractions in short, m edium , or long-term  m aturities separately.

3. Statistics about the length of runs of consecutive m issing values for the different
features (m in, m ax, m ean, standard deviation).

4. O ther data-specific m easures.

O nce the feature space is constructed, dim ensionality reduction (e.g. principal com ponent
analysis, or PC A ) can be perform ed, follow ed by clustering (e.g. K -m eans). W e w ill present
the results for the clustering for the C D S data in the next section but before that let's define
som e perform ance m etrics.

8.2.2. Im putation M etrics
In order to quantify the quality of data im putations, w e define the follow ing m etrics:

R oot m ean square error (R M SE ): This is an absolute m easure, w hich is frequently used in
the literature. W e denote by  the set of m issing observations for com ponent , 
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(8.6)

2 and  the true and  the im puted value and  refers to the
num ber of elem ents in the set; then R M SE is:

M ean relative deviation (M R D ): This is a relative m easure, w hich can be m ore suitable
w hen the values under consideration vary over different m agnitudes:

In situations w here  m ay take zero as a value or values close to zero, one needs to be
very careful w hen using this m etric. In the literature this quantity is som etim es referred to as
m ean absolute percentage error (M A PE). In the perform ance analysis in Section 8.2.6 w e
w ill focus on M R D .

True versus predicted R  squared coefficient: R  squared is a m easure that appears
frequently in linear regression analysis and is also often used to gauge the accuracy of data
im putations. It is best to split it into separate quantities for each com ponent , so that values
of different m agnitudes do not get m ixed:

N ote that for the m ultiple im putation techniques all these m etrics have m ultiple values, one
for each realization. O ne can analyze the m ean, standard deviation, best, or w orst result for
each of them .

8.2.3. CDS Data and Test Data G eneration
W e use credit default sw ap (C D S) tim e series data to test the perform ance of im putation
techniques.3 W e started w ith a collection of over 4000 C D S entities for different m aturities
and doc clauses over a period of nearly tw o years. In order to produce a com parable sam ple,
w e narrow ed the data dow n by focusing on tickers based in the U nited States, w hich are
traded in U SD  and occupy a higher-seniority tier. This resulted in a sam ple of 741 tickers
w ith 11 m aturities, 6 m onths to 30 years (6M ‌30Y ). D ata sam ples w ill be show n in Section
8.2.6. M issing values appear quite frequently for longer m aturities (15Y, 20Y, 30Y ), and
occasionally also for short m aturities (6M , 1Y, 2Y ), w hereas the central m aturities (5Y, 7Y )
are usually observed. A s discussed below , this com es from  the fact that m issingness is related
to the liquidity. The central m aturities are the ones m ost com m only traded in the m arket.
W hile w e are using C D S data, w e can im agine that a sim ilar approach could be used for other



asset classes such as rates and FX  im plied vol, w here different tenors are likely to have
different levels of liquidity.

For data characterization, w e perform ed standard m ultivariate norm al (M V N ) tests (H enze-
Zirkler, R oyston, M ardia) for a subsam ple of 200 tickers w ith very sm all m issingness
fractions. W e found that the data is not consistent w ith the M V N  hypothesis, and instead
show s considerable deviations from  being M V N  distributed.

W e also investigated the m issingness m echanism  of the data (see Section 7.2). G enerally, it is
unfortunately not possible to determ ine unam biguously the m issingness class for a given
dataset w ithout additional insights. It is, how ever, possible to run Little's test (Little, 1988) to
assess w hether the m issingness patterns of the data are consistent w ith the M C A R
hypothesis. W e ran Little's test on the actual m issingness patterns and the M C A R  hypothesis
w as rejected in the m ajority of the cases w ith a very low  p-value. This can be partly
attributed to deviations from  the M V N  distribution assum ed in Little's test, but it is also a
clear indication that the m issingness patterns m ostly do not occur com pletely at random . The
cases w here the m issingness pattern w as found consistent w ith the M C A R  hypothesis usually
correspond to a low  m issingness fraction (< 1% ). In such cases it can be difficult to
distinguish M C A R  from  non-M C A R . W e further consulted w ith dom ain experts about the
reasons for m issing data. The m ain underlying cause quoted w as liquidity (i.e. insufficient
trading data to produce reliable price quotes). There w as no particular evidence that the
m issingness m echanism  is M N A R  and w e concluded that M A R , and in som e cases M C A R ,
is a suitable assum ption for the C D S dataset.

Then w e perform ed the feature extraction and clustering analysis as introduced above. A fter
som e exploratory w ork w e focused on the follow ing four features: percentage of m issing data
in the four longest m aturities, percentage of m issing data in the four shortest m aturities, a
standard m easure of the length of consecutive m issing streaks for the four longest m aturities,
and the variance of this quantity. W e then used G aussian m ixture m odels (see M urphy, 2012,
for clustering in this four-dim ensional space). The results are sum m arized in Figure 8.1.

W e show  different tickers in vertical bars, ordered by increasing m aturity (6M ‌30Y ) w ithin
each bar. The black regions indicate m issing values. W e identified five different clusters: (1)
relatively sm all fraction of m issing values, (2) m issing values m ainly for long m aturities and
w ith relatively short and alternating stretches of consecutive m issing values, (3) m issing
values in long streaks for longer m aturities, (4) patterns w ith considerable am ounts of
m issing data and substantial variation, and (5) patterns w ith large am ounts of m issing data
w ith uniform  long stretches, often covering all m aturities. A s w e can see in the histogram  in
Figure 8.1 the m ajority of the patterns (around 70% ) lie w ithin clusters 1 and 2. For the
patterns in the first three clusters, w e w ill show  the im putation results in Section 8.2.6. For
cluster 1, about 15%  of the sam ples w ere found to be consistent w ith the M C A R  hypothesis.
These usually possess a very low  m issingness fraction. For clusters 2 and 3, none of the
sam ples w ere found to be consistent w ith the M C A R  hypothesis.



FIG U R E  8.1 C lustering for C D S tim e series data: (1) relatively sm all fraction of m issing
values, (2) m issing values m ainly for long m aturities and w ith relatively short stretches of
consecutive m issing values, (3) m issing values in long streaks for longer m aturities, (4)
patterns w ith considerable am ount of m issing data and substantial variation, (5) patterns w ith
large am ounts of m issing data w ith uniform  long stretches, often covering all m aturities.
H istogram  of num ber of occurrences of m issingness patterns for the different clusters.

A n im portant question for the evaluation of the perform ance of data im putation techniques is
how  to produce a suitable training and validation set. U sing data w ith actually m issing values
w ould be favorable in the sense that it contains realistic m issingness patterns; how ever, it is
problem atic because it does not allow  us to estim ate how  close the im puted values are to the
true values, since they are not know n. For M A R , ideally one w ould start w ith a com plete
dataset and use a m issingness generator of the form   to create realistic
m issingness patterns M . Then im putation routines can be applied to the training data and the
im puted and true data can be com pared. H ow ever, it is generally not easy to build such a
generator; m oreover, w e are usually not in the possession of a com plete dataset.

W e approached the problem  as follow s: w e extracted a subset of the tickers that have very
few  m issing values (all 11 m aturities w ith less than 1%  m issing fraction). The values that
w ere m issing w ere im puted by linear interpolation in order not to introduce a particular bias.
This data serves as ground truth for testing. W ith this procedure w e generated 200 sam ples of
ground truth C D S data, each w ith 11 m aturities.



A s a next step w e had to im pose a m issingness pattern. A  sim ple procedure, often found in
the literature, is to random ly rem ove data points; how ever, that is problem atic, since the
Little test discussed above show ed that the data is not consistent w ith M C A R . Therefore, our
procedure w as to im pose realistic m issingness patterns  on this data (i.e., w e rem ove
values according to those predefined patterns). A s discussed, w e found five prevalent
patterns. H ere w e focus on the im putation of clusters 1, 2, and 3, as clusters 4 and 5 contain
longer stretches of com pletely absent data that w ould be better filled by a proxy. The test sets
for each cluster are generated by applying the patterns on the 200 ground truth exam ples. In
the case w here the cluster does not contain enough different patterns, w e draw  from  the
available patterns w ith repetition. A  typical block for cluster 2 (ticker num ber 1) is show n in
the bottom  of Figure 8.3. In this case the long m aturities (10Y, 20Y, and 30Y ) are m issing for
a considerable am ount of the tim e steps. The described com bination of the com plete
underlying dataset and im posed m issingness pattern leads to sem i-synthetic datasets on
w hich w e can run the im putation routines, and since w e have the ground truth, all the
perform ance m etrics can be com puted. This procedure leads to a relatively realistic
m issingness representation for test purposes, w hich can be generated w ith little effort. The
described fram ew ork can be applied in other dom ains w ith m inor m odifications.

8.2.4. M ultiple Im putation M ethods
W e briefly hinted at m ultiple im putation (M I) in Section 7.2. M I is a statistical fram ew ork for
data im putation (see Little &  R ubin, 2019; Schafer, 1997). The objective is to determ ine a
good approxim ation for the joint distribution function for the data , both observed and
unobserved. This is usually achieved by an iterative m echanism . O nce  is found,
im putations can be generated by sam pling from  the conditional distribution functions for the
various m issingness patterns that occur. The conditional distributions can be derived from  the
general joint distributions, either explicitly or m ade accessible im plicitly by a M onte C arlo
sam pling procedure.

A  particular fram ew ork is term ed m ultiple im putations by chained equations (M IC E).
C hained equations refer to an iterative procedure through w hich data values and param eter
values are generated in a series of steps. The general assum ption is that the (com plete) data is
generated from  a m ultivariate distribution function, , w here  is a collection of
param eters, w hich is not know n. In certain cases, the distribution function  can be assum ed
to have a particular form . For instance, a com m on assum ption is that the com plete data is
generated by an M V N  distribution. Then all the distribution functions can be given explicitly,
and the procedure becom es a bit m ore transparent (see Enders, 2010). W e focus on the
description of this case in this section. The general description based on a M arkov C hain
M onte C arlo sam pling approach can be found in B uuren and G roothuis-O udshoorn (2010).
W e provide m ore details around the M IC E procedure in A ppendix 8.5.

8.2.4.1. The M VN Case
The basic assum ption of this section is that the data (both observed and m issing) is described
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by a m ultivariate norm al distribution w ith m ean vector  and covariance m atrix ,
form ally:

Then the conditional distribution functions used to im pute data are also M V N s (M urphy,
2012). The collection of param eters is w ritten as .

The algorithm  for the data im putation has an explicit form  and does not rely on G ibbs
sam pling. It has the im putation (I) - posterior (P) form . First, based on an initial estim ate,
the generating distributions for the covariance m atrix , , and for the m ean
vector, , , are specified. W e can draw  initial param eters 

 from  these distributions.

I-step: W e can im pute data based on these param eters and from  the generating distribution
functions. W e have to do this for all m issingness patterns separately. To predict m issing
values for the variable , w e have to determ ine the conditional distribution

w here  denotes the collection of observed variables excluding . This can be
achieved in tw o equivalent w ays: (1) W e can sam ple from  Equation 8.8 to im pute values for 

, and so on for the other variables. (2) Instead of sam pling from  the conditional M V N  in
Equation 8.8, w e can also derive the m issing values from  linear regression equations on 
and , w hich include a stochastic variance term . There are different w ays of doing this
regression. The ones that are m ost com m only used are (a) B ayesian linear regression (called
norm  in the M IC E package), and (b) predictive m ean m atching (PM M ). O nce all values are
im puted, the I-step has finished and the so-called P-step (for posterior in the B ayesian
fram ew ork) follow s.

P-step: In this step, new  distribution functions for the param eters  are estim ated. This is
usually done entirely in a B ayesian fram ew ork. C ertain assum ptions are m ade for the priors,
and the likelihood and posterior functions are com puted from  the observed and previously
im puted data. In the M V N  case discussed here, the posterior distribution for the covariance
m atrix  has the follow ing form  (Enders, 2010):

w here  is the inverse W ishart function,  is the num ber of degrees of freedom ,  is a
positive definite scale m atrix, and  is the sam ple covariance m atrix of the com pleted
dataset. If w e denote the draw n m atrix by , then the new  distribution function for  is
(Enders, 2010):
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w ith  the vector of sam ple m eans using the com pleted data and . O nce the
distributions are specified, new  param eters  can be obtained by sam pling. W e can see that
the param eters for these distribution functions are estim ated iteratively from  previous
im putation results, w hich in turn depend on previous param eter estim ates. The procedure is
iterated until stationary distributions are found.

8.2.4.2. Expectation M axim ization (EM ) Procedure
Instead of the I-P procedure discussed in the last section, the param eters  can
also be estim ated by m axim um  likelihood estim ation (M LE) using the expectation
m axim ization (EM ) algorithm . W e use the assum ption of the data being M V N  distributed
again.

The procedure is as follow s. The data collected into a m atrix , can be split into observed
and m issing, . The log-likelihood can be w ritten as:

This is difficult to m axim ize directly, but it is a situation that can be treated w ith EM . The
idea is to com pute the param eters  iteratively. W e first need an initial estim ate to
com pute , either by just using com plete data row s, or by using a sim ple im putation
schem e, for exam ple, m ean im putation. Then w e can com pute  from  the M LE.

E -step: O nce w e have som e estim ate for  w e can com pute the expectation:

w here the expectation value is conditioned on . This can be sim plified and
reduced to com puting expectations of the form   and  w here
w e om itted the conditioning for notational sim plicity. These are called expected sufficient
statistics. In order to calculate those, w e need to use relations of m ultivariate norm al
conditional probability densities (see M urphy, 2012, p. 374).

M -step: In the m axim ization step, w e com pute new  param eters . This is done by
com puting appropriate derivatives of the function  and solving for  and , .
The result is:

and
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N ote that this approach is quite careful to take into account the variance of the data. O nce this
is com puted, w e can return to the E-step and iterate.

O nce the param eters  are estim ated, m issing values can be im puted by sam pling
from  the appropriate conditional distribution. A  data vector can usually be split up into
m issing and observed parts . M issing values  can be predicted by
sam pling from  the conditional distribution function:

as in Equation 8.9. To account for the uncertainty in the param eters  a bootstrap approach
can be used, w hich is done in the im plem entation of the R  package A m elia (see H onaker et
al., 2011).

8.2.5. Determ inistic and EO F-Based Techniques
A s already discussed in Section 8.2, rather than using the M I fram ew orks, data im putation
can also be achieved by determ inistic techniques. O ne approach is to use m achine learning
techniques to predict m issing data from  the observed data. W e used one popular approach
based on random  forests. Som e details about the algorithm  and the softw are library that w as
used can be found in A ppendix 8.6. O ther determ inistic approaches are those based on
spectral decom positions and em pirical orthogonal functions (EO Fs). W e w ill give a brief
introduction to those techniques.

8.2.5.1. Brief Recap of Singular Value Decom position (SVD)
C onsider the m atrix . Then there exist orthonorm al m atrices ,  such
that:

w here  is a m atrix w ith values  on the diagonal (called singular values), and all
other entries are zero. A  com m on convention is to list the singular values in descending
order. The m atrix  can be w ritten as a collection of colum n vectors:

and sim ilarly for . They satisfy:

and:
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W e call  the right eigenvectors of  and  the left eigenvectors. These vectors are
referred to as em pirical orthogonal functions (EO F), since they span a space related to the
em pirical data. W e can w rite the SV D  decom position explicitly as:

w here  is the num ber of non-zero singular values. This expression is a sum  of rank 1
m atrices.

8.2.5.2. Data Interpolation w ith Em pirical O rthogonal Functions (DINEO F)
The D IN EO F approach w as introduced in the context of tim e resolved geological data (see
B eckers &  R ixen, 2003). For instance, consider a spatiotem poral field  and relate it
to the data m atrix  by:

The strategy to fill m issing data is in the spirit of m atrix com pletion via a decom position of
the form :

w here  is an  m atrix and  is a  m atrix.  corresponds to a latent
dim ension carrying the essential inform ation about the data. In the D IN EO F approach this
m atrix factorization is constructed iteratively using the EO F basis obtained via SV D . W e start
by im puting a first guess for the m issing values (e.g. m ean values), and then com pute the
EO Fs for the com pleted data m atrix. The reconstruction in the D IN EO F is based on a subset
of the EO Fs:

w here , and  is an upper bound on the num ber of EO Fs to be
used. For a given num ber of EO Fs, , one has an inner loop to iterate to convergence
for the im puted values. O ne typically m easures the convergence of the im putations by
initially rem oving a sm all random  subset of otherw ise know n data points and com puting
R M SE (true versus predicted); see Equation 8.4. C onvergence is assum ed w hen R M SE does
not decrease any further. A  problem  w ith this convergence assessm ent is that the random ly
rem oved points m ight follow  a quite different pattern than the data that actually needs to be
im puted. H ence, the im putation m ay therefore not be optim al.

This approach w orks quite w ell w hen there is enough structure in the data, and  m ust not
be too sm all. For illustration, w e give an exam ple of D IN EO F im putation for synthetic tw o-



dim ensional data field4 in Figure 8.2.

FIG U R E  8.2 Exam ple of D IN EO F im putation for synthetic 2D  data.

Tw o com parisons are show n. The first one has the true data from  w hich random ly 50%  of the
pixels are rem oved. W ith  basis functions w e can get an accurate reconstruction.
In the second case, additional noise is added to the data and again a good reconstruction can
be achieved. N ote that the D IN EO F approach aim s to include EO Fs only as long as they add
signal. H ow ever, achieving a clear signal/noise separation is num erically not easy. W e w ill
show  an exam ple that is m ore in the spirit of this book ‌ im putation on satellite im ages ‌ in
Section 8.3.

8.2.5.3. M ultiple Singular Spectral Analysis (M SSA)
Singular spectral analysis (SSA ) is a m ore advanced decom position technique than the m atrix
factorization and it has been very successfully applied for tim e series analysis as w ell as
im ages (see G olyandina et al., 2013 and references therein). W e describe the technique for
tim e series, but the extension to im ages is form ally relatively straightforw ard. The basic idea
is to account for tim e-lagged covariances up to a certain w indow  length . For these objects
w e perform  SV D  and then the tim e series can be decom posed and reconstructed w ith the
dom inant m odes and EO Fs.

First consider the case of a univariate tim e series , . W e first describe how  to
do the tim e series decom position for a com plete dataset form ally. For a given w indow  size 

 and , construct the trajectory m atrix  as follow s:
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w hich is an  m atrix w ith the sam e tim e series points on the anti-diagonals. N ote that
for the transform ation , , the corresponding trajectory m atrices satisfy 

. The trajectory m atrix can be used to com pute the tim e-lagged covariance
m atrix:

This is a sym m etric m atrix and has the explicit form :

W e can see from  this how  tim e lags up to length  are considered. In other w ords, m odes
w ith m axim al period  can be identified. The tim e-lagged covariance m atrix is just used for
illustration of w hich tim e correlations are picked up by SSA . The approach w orks directly
w ith the trajectory m atrix . The next step is to perform  SV D  on , such that the
follow ing reconstruction can be given:

Typically, one groups eigenvalues into certain subsets ; for instance, oscillatory
m odes appear as paired eigenvectors w ith very sim ilar singular values. The partial
reconstruction is then w ritten as:

for a particular choice of . There is som e subjectivity involved in this step. For instance,
in tim e series analysis, one m ight w ant to focus on a trend and only tw o oscillatory m odes.

The final step is to m ap the reconstructed trajectory m atrix back to the tim e series. W e do this
by averaging over the antidiagonals. D enote by  the set of anti-diagonal index pairs 
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 such that ,  etc., and  the num ber of
elem ents. Then the reconstructed tim e series reads :

The data im putation based on SSA  follow s the sam e logic as for tim e series decom position,
except that the EO F basis for the reconstruction and the im puted values are determ ined
iteratively. O ne starts by filling the m issing values by an initial guess. Then  is
constructed and the SV D  com puted. A  partial reconstruction w ith  EO Fs:

is used to fill the m issing values for the reconstructed tim e series. This is iterated for
convergence for a fixed  as above in the D IN EO F approach. The algorithm
successively adds m ore EO Fs until no further im provem ent for the im putations can be
achieved or a m axim al num ber of EO Fs is reached. The im provem ent is typically m easured
by random ly rem oving a sm all set of otherw ise know n data points and com puting R M SE
(true versus predicted). Like D IN EO F, the m ethod is subject to potential problem s arising
from  different m issingness patterns.

The m ultivariate case (M SSA ) is form ally very sim ilar to the univariate case, but num erically
m ore involved. For each tim e series  a trajectory m atrix  can be com puted:

These trajectory m atrices are stacked together into a com bined trajectory m atrix:

This is an  m atrix. N ote that the corresponding lagged covariance m atrix accounts for
correlations betw een the different tim e series. O nce the trajectory m atrix is defined, the
form alism  proceeds essentially as described above in the univariate case. D ata im putation
based on M SSA  w as proposed and tested in K ondrashov and G hil (2006).

8.2.6. Results
W e w ill now  discuss the perform ance of the different im putation techniques on the C D S tim e
series data introduced in Section 8.2.3. A n exam ple of a com pleted ground truth series is



displayed in Figure 8.3. It belongs to an issuer in the consum er goods sector and possesses a
―m odified restructuring‖ doc clause.

W e can see the daily quotes for a period of nearly tw o years. W e observe a hierarchy of
values, w hich are ordered by the m aturity. Since the C D S price is a kind of m easure for the
m arket view  on the probability of default of a certain underlying asset w ithin a defined tim e
period (m aturity), this is expected to be the case. There are no strong trend or seasonality
patterns, but the tim e series are also not strictly stationary. W e can see that the values for the
different m aturities are relatively w ell correlated. It is therefore intuitive that if values for
som e of the m aturities are m issing, they can be inferred from  the others. A  typical
m issingness pattern in cluster 2 is show n in the low er part of Figure 8.3. Stretches of values
for longer m aturities are m issing in certain intervals, som e values of shorter m aturities are
m issing as w ell, w hereas the central m aturities are com plete. For the test data generation
introduced in Section 8.2.3, w e can think of this as a m ask, w hich blocks out the respective
values.

FIG U R E  8.3 Top; Exam ple of com plete tim e series data (ticker 1, cluster 2). The low er part
show s the m issingness pattern that is im posed on the com plete data.

B efore w e provide a detailed com parison of im puted values w ith the true values for the
different im putation techniques, w e first give a full overview  of the results for the im putation
perform ance in the different clusters. For each m ethod, w e did extensive initial testing to



identify suitable hyper-param eters and input data adjustm ents. W e have used several
techniques (see also A ppendix 8.6). The m ultiple im putation techniques are M IC E, based on
chained equations and conditional sam pling, and A m elia, w hich uses the EM  algorithm  to
determ ine the joint data distribution function. A s discussed in Section 8.2.4.2, A m elia uses
the assum ption of the data being M V N  distributed; how ever, w e have seen in Section 8.2.3
that this is not the case. A s pointed out in H onaker et al. (2011) and Schafer (1997), and
illustrated by the follow ing results, the M V N  violation does not ham per im putations w ith
good perform ance. For M IC E, w e m anually included one step tim e leads and lags in the
im putation procedure. W e checked both the B ayesian linear regression option (norm ) as w ell
as predictive m ean m atching (PM M ), but report results only for the form er here, w hich
show ed better perform ance. In A m elia w e used the options to include tim e-lagged and lead
data and explicit tim e covariates to second order. For both M I techniques, w e com puted five
im putations and took the average values as predictions to evaluate the perform ance m etrics.

A s determ inistic routines w e tested R andom  Forest (m issForest R  Package), D IN EO F, and
M SSA . W e added an explicit tim e variable in the R F im putation, but no leads and lags. W hen
all values w ere m issing for a particular tim e step, w e first interpolated the four central
m aturities linearly. This w as also done for the D IN EO F approach. In D IN EO F, w e first
subtracted the m ean for each tim e series and then added it again after the im putation. For
M SSA  w e did not perform  any prior linear interpolation. W e chose the w indow  length for the
patterns in cluster 1 to be 10 tim e steps and for the ones in clusters 2 and 3 to be 40 tim e
steps for better perform ance. It is notew orthy that both EO F-based techniques are som etim es
very sensitive to the starting values. W e also tested an approach w here M SSA  w as initialized
w ith A m elia results (A m elia+M SSA ). This avoids the usual inaccurate starting values.

W ith these choices w e com puted the im putations for 200 cases of m issingness patterns
overlaid on the ground true values for each cluster 1, 2, and 3, enough to get reliable
statistics. In this section w e focus on the M R D  perform ance m easure defined in Equation 8.5,
a relative m easure suitable for the com parison of values w ith different m agnitude. To get a
global com parative view  of the perform ance w e com puted the sum m ary statistics (m ean,
standard deviation, m inim um , m axim um ) of the 200 M R D  values for each pattern, im puted
versus ground truth. The sum m ary 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 im putations are quite accurate and the M R D  is usually betw een 1 and 3% ,
w ith a few  exceptions. The best perform ance is obtained w ith M SSA  and A m elia, but the
other techniques produce com parable results. The patterns in cluster 1 have relatively few
m issing values (1.5%  on average) and they com e in short stretches such that the im putation is
fairly straightforw ard.

A  m ore challenging situation occurs for the patterns in cluster 2, w hich have a larger
m issingness fraction of 13%  on average. The M R D  results in the second table are also still
quite accurate, w ith typical values 2‌7% . A m elia show s the strongest perform ance, follow ed
by R F and M SSA . The m atrix factorization approach (D IN EO F) is less successful im puting
the patterns here. W e w ill study this in m ore detail later, w hen w e directly com pare the



im putations w ith the ground truth values.

TA B L E  8.1 Sum m ary statistics for M R D  m etrics for cluster 1 in com parison: R andom
Forest (R F), D IN E O F, M SSA , and average result out of 5 im putations for A m elia,
M IC E .

A m elia D IN E O F M IC E R F M SA
m ean 0.017 0.024 0.031 0.019 0.016
std 0.010 0.019 0.032 0.014 0.011
m in 0.002 0.001 0.002 0.000 0.001
m ax 0.057 0.141 0.374 0.077 0.102

TA B L E  8.2 Sum m ary statistics for M R D  m etrics for cluster 2.

A m elia D IN E O F M IC E R F M SA
m ean 0.035 0.064 0.052 0.046 0.048
std 0.035 0.053 0.056 0.057 0.056
m in 0.005 0.011 0.009 0.002 0.005
m ax 0.328 0.384 0.497 0.483 0.492

TA B L E  8.3 Sum m ary statistics for M R D  m etrics for cluster 2 w here patterns w ere
filtered out if they have row s entirely m issing.

A m elia D IN E O F M IC E R F M SA
m ean 0.028 0.064 0.046 0.037 0.041
std 0.015 0.054 0.052 0.032 0.041
m in 0.005 0.011 0.009 0.002 0.005
m ax 0.104 0.384 0.497 0.256 0.342

C luster 2 contains 20 patterns, w hich have stretches w here observations are m issing for all
m aturities for a num ber of consecutive tim e steps. These cases are particularly difficult to
im pute w ith the m ethods discussed here. A n im putation based on a proxy (i.e. external data
that is directly related) is likely to be m ore successful. It is of interest to look at the m etrics
w hen these patterns are filtered out. The sum m ary statistics for this are show n in Table 8.3.
W e can see that the perform ance im proves a little bit for all the techniques except for
D IN EO F.

The patterns in cluster 3 typically have m ore m issing values (about 19%  on average) and
long stretches of m issing values for the long m aturities. The sum m ary statistics for M R D  can
be found in Table 8.4. The values for M R D  are spread typically betw een 3 and 20% , w ith
m eans of the order of 10% . A s in cluster 2, A m elia show s the strongest perform ance w ith an
average of about 9% , follow ed by R F, M IC E, M SSA , and D IN EO F.



TA B L E  8.4 Sum m ary statistics for M R D  m etrics for cluster 3 in com parison.

A m elia D IN E O F M IC E R F M SA
m ean 0.093 0.141 0.111 0.098 0.128
std 0.135 0.121 0.158 0.103 0.125
m in 0.009 0.012 0.010 0.014 0.008
m ax 0.980 0.728 1.522 0.650 0.739

TA B L E  8.5 Sum m ary statistics for M R D  m etrics for cluster 3, w here patterns w ere
filtered out if they have row s entirely m issing.

A m elia D IN E O F M IC E R F M SA
m ean 0.061 0.135 0.950 0.920 0.126
std 0.084 0.124 0.155 0.104 0.129
m in 0.009 0.012 0.010 0.014 0.008
m ax 0.705 0.728 1.522 0.650 0.739

C luster 3 contains 23 patterns that have stretches w here observations are m issing for all
m aturities for a num ber of consecutive tim e steps. The results for w hen w e rem ove those are
show n in Table 8.5. The perform ance im proves considerably for A m elia and m oderately for
the others. B oth EO F-based approaches depend on the starting values. W e have also tested a
com bined A m elia+M SSA  approach, w here A m elia predictions are used as starting values for
the M SSA  algorithm . For cluster 3 w e found m ean M R D  of 0.099, w hich is a considerable
im provem ent over the pure M SSA  approach (0.128) w ith naive m ean starting values.

W e now  com pare, in m ore detail, the predictions of the different techniques. A s an exam ple,
w e choose ticker 1 (cluster 2) for w hich the com plete data and the m issingness m ask w ere
show n in Figure 8.3. It m isses a lot of consecutive values for the longer m aturities and the
total m issingness fraction is around 17% . The A m elia im putations are show n in Figure 8.4
(top). From  the 5 im putations w e com puted the average values show n as dots, and the shaded
region indicates the spread betw een m axim um  and m inim um  for the im putation range. The
full line show s the ground truth. W e can see that the im puted data follow s relatively w ell the
general structure of the data, w hich is inferred from  the correlation w ith the other series. The
spread for the higher m aturities is a bit larger. H ence, A m elia learns the correlations w ith the
other (m ore com plete) tim e series w ell and im putes both the tem poral structure as w ell as the
m agnitude of the values accurately. The value for M R D  is only 0.02.

The M IC E im putations for the sam e tim e series are show n in Figure 8.4 (bottom ) and are
quite sim ilar to the A m elia results in this case. W e can see again that the im puted data
follow s relatively w ell the general structure of the data. The spread appears to be a bit larger
than in the case of A m elia. The value for M R D  is w ith 0.024 slightly w orse than for A m elia.


