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Preface

If you are reading this, you are probably aware that machine learning (ML) has become a
strategic capability in many industries, including the investment industry. The explosion
of digital data closely related to the rise of ML is having a particularly powerful impact
on investing, which already has a long history of using sophisticated models to process
information. These trends are enabling novel approaches to quantitative investment

and are boosting the demand for the application of data science to both discretionary and
algorithmic trading strategies.

The scope of trading across asset classes is vast because it ranges from equities and
government bonds to commodities and real estate. This implies that a very large range
of new alternative data sources may be relevant above and beyond the market and
fundamental data that used to be at the center of most analytical efforts in the past.

You also may have come across the insight that the successful application of ML or data
science requires the integration of statistical knowledge, computational skills, and
domain expertise at the individual or team level. In other words, it is essential to ask the
right questions, identify and understand the data that may provide the answers, deploy a
broad range of tools to obtain results, and interpret them in a way that leads to the right
decisions.

Therefore, this book provides an integrated perspective on the application of ML to the
domain of investment and trading. In this preface, we outline what you should expect, how
we have organized the content to facilitate achieving our objectives, and what you need
both to meet your goals and have fun in the process.

What to expect

This book aims to equip you with a strategic perspective, conceptual understanding, and
practical tools to add value when applying ML to the trading and investment process. To
this end, we cover ML as a key element in a process rather than a standalone exercise. Most
importantly, we introduce an end-to-end ML for trading (ML4T) workflow that we apply
to numerous use cases with relevant data and code examples.

The MLAT workflow starts with generating ideas and sourcing data and continues to
extracting features, tuning ML models, and designing trading strategies that act on the
models' predictive signals. It also includes simulating strategies on historical data using a
backtesting engine and evaluating their performance.
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First and foremost, the book demonstrates how you can extract signals from a diverse set of
data sources and design trading strategies for different asset classes using a broad range of
supervised, unsupervised, and reinforcement learning algorithms. In addition, it provides
relevant mathematical and statistical background to facilitate tuning an algorithm and
interpreting the results. Finally, it includes financial background to enable you to work with
market and fundamental data, extract informative features, and manage the performance of
a trading strategy.

The book emphasizes that investors can gain at least as much value from third-party data
as other industries. As a consequence, it covers not only how to work with market and
fundamental data but also how to source, evaluate, process, and model alternative data
sources such as unstructured text and image data.

It should not be a surprise that this book does not provide investment advice or ready-
made trading algorithms. On the contrary, it intends to communicate that ML faces many
additional challenges in the trading domain, ranging from lower signal content to shorter
time series that often make it harder to achieve robust results. In fact, we have included
several examples that do not yield great results to avoid exaggerating the benefits of ML
or understating the effort it takes to have a good idea, obtain the right data, engineer
ingenious features, and design an effective strategy (with potentially attractive rewards).

Instead, you should find the book most useful as a guide to leveraging key ML algorithms
to inform a trading strategy using a systematic workflow. To this end, we present a
framework that guides you through the ML4T process of the following:

1. Sourcing, evaluating, and combining data for any investment objective
2. Designing and tuning ML models that extract predictive signals from the data

3. Developing and evaluating trading strategies based on the results

After reading this book, you will be able to begin designing and evaluating your own ML-
based strategies and might want to consider participating in competitions or connecting to
the API of an online broker and begin trading in the real world.

What's new in the second edition

This second edition emphasizes the end-to-end ML4T workflow, reflected in a new chapter
on strategy backtesting (Chapter 8, The ML4T Workflow — From Model to Strategy Backtesting),
a new appendix describing over 100 different alpha factors, and many new practical
applications. We have also rewritten most of the existing content for clarity and readability.

The applications now use a broader range of data sources beyond daily US equity prices,
including international stocks and ETFs, as well as minute-frequency equity data to
demonstrate an intraday strategy. Also, there is now broader coverage of alternative data
sources, including SEC filings for sentiment analysis and return forecasts, as well as satellite
images to classify land use.

[ xiv]
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Furthermore, the book replicates several applications recently published in academic
papers. Chapter 18, CNNs for Financial Time Series and Satellite Images, demonstrates how to
apply convolutional neural networks to time series converted to image format for return
predictions. Chapter 20, Autoencoders for Conditional Risk Factors and Asset Pricing, shows
how to extract risk factors conditioned on stock characteristics for asset pricing using
autoencoders. Chapter 21, Generative Adversarial Networks for Synthetic Time-Series Data,
examines how to create synthetic training data using generative adversarial networks.

All applications now use the latest available (at the time of writing) software versions, such
as pandas 1.0 and TensorFlow 2.2. There is also a customized version of Zipline that makes
it easy to include machine learning model predictions when designing a trading strategy.

Who should read this book

You should find the book informative if you are an analyst, data scientist, or ML engineer
with an understanding of financial markets and an interest in trading strategies. You
should also find value as an investment professional who aims to leverage ML to make
better decisions.

If your background is in software and ML, you may be able to just skim or skip some
introductory material in this area. Similarly, if your expertise is in investment, you will
likely be familiar with some, or all, of the financial context that we provide for those with
different backgrounds.

The book assumes that you want to continue to learn about this very dynamic area. To this
end, it includes numerous end-of-chapter academic references and additional resources
linked in the README files for each chapter in the companion GitHub repository.

You should be comfortable using Python 3 and scientific computing libraries like NumPy,
pandas, or SciPy and look forward to picking up numerous others along the way. Some
experience with ML and scikit-learn would be helpful, but we briefly cover the basic
workflow and reference various resources to fill gaps or dive deeper. Similarly, basic
knowledge of finance and investment will make some terminology easier to follow.

What this book covers

This book provides a comprehensive introduction to how ML can add value to the design
and execution of trading strategies. It is organized into four parts that cover different
aspects of the data sourcing and strategy development process, as well as different
solutions to various ML challenges.

[xv]
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Part 1 — Data, alpha factors, and portfolios

The first part covers fundamental aspects relevant across trading strategies that leverage
machine learning. It focuses on the data that drives the ML algorithms and strategies
discussed in this book, outlines how you can engineer features that capture the data's signal
content, and explains how to optimize and evaluate the performance of a portfolio.

Chapter 1, Machine Learning for Trading — From Idea to Execution, summarizes how and why
ML became important for trading, describes the investment process, and outlines how ML
can add value.

Chapter 2, Market and Fundamental Data — Sources and Techniques, covers how to source and
work with market data, including exchange-provided tick data, and reported financials.
It also demonstrates access to numerous open source data providers that we will rely on
throughout this book.

Chapter 3, Alternative Data for Finance — Categories and Use Cases, explains categories and
criteria to assess the exploding number of sources and providers. It also demonstrates how
to create alternative datasets by scraping websites, for example, to collect earnings call
transcripts for use with natural language processing (NLP) and sentiment analysis, which
we cover in the second part of the book.

Chapter 4, Financial Feature Engineering - How to Research Alpha Factors, presents the process
of creating and evaluating data transformations that capture the predictive signal and
shows how to measure factor performance. It also summarizes insights from research into
risk factors that aim to explain alpha in financial markets otherwise deemed to be efficient.
Furthermore, it demonstrates how to engineer alpha factors using Python libraries offline
and introduces the Zipline and Alphalens libraries to backtest factors and evaluate their
predictive power.

Chapter 5, Portfolio Optimization and Performance Evaluation, introduces how to manage,
optimize, and evaluate a portfolio resulting from the execution of a strategy. It presents
risk metrics and shows how to apply them using the Zipline and pyfolio libraries. It also
introduces methods to optimize a strategy from a portfolio risk perspective.

Part 2 — ML for trading — Fundamentals

The second part illustrates how fundamental supervised and unsupervised learning
algorithms can inform trading strategies in the context of an end-to-end workflow.

Chapter 6, The Machine Learning Process, sets the stage by outlining how to formulate, train,
tune, and evaluate the predictive performance of ML models in a systematic way. It also
addresses domain-specific concerns, such as using cross-validation with financial time
series to select among alternative ML models.
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Chapter 7, Linear Models - From Risk Factors to Return Forecasts, shows how to use linear and
logistic regression for inference and prediction and how to use regularization to manage
the risk of overfitting. It demonstrates how to predict US equity returns or the direction of
their future movements and how to evaluate the signal content of these predictions using
Alphalens.

Chapter 8, The ML4T Workflow — From Model to Strategy Backtesting, integrates the various
building blocks of the ML4T workflow thus far discussed separately. It presents an end-to-
end perspective on the process of designing, simulating, and evaluating a trading strategy
driven by an ML algorithm. To this end, it demonstrates how to backtest an ML-driven
strategy in a historical market context using the Python libraries backtrader and Zipline.

Chapter 9, Time-Series Models for Volatility Forecasts and Statistical Arbitrage, covers univariate
and multivariate time series diagnostics and models, including vector autoregressive
models as well as ARCH/GARCH models for volatility forecasts. It also introduces
cointegration and shows how to use it for a pairs trading strategy using a diverse set of
exchange-traded funds (ETFs).

Chapter 10, Bayesian ML - Dynamic Sharpe Ratios and Pairs Trading, presents probabilistic
models and how Markov chain Monte Carlo (MCMC) sampling and variational Bayes
facilitate approximate inference. It also illustrates how to use PyMC3 for probabilistic
programming to gain deeper insights into parameter and model uncertainty, for example,
when evaluating portfolio performance.

Chapter 11, Random Forests — A Long-Short Strategy for Japanese Stocks, shows how to build,
train, and tune nonlinear tree-based models for insight and prediction. It introduces tree-
based ensembles and shows how random forests use bootstrap aggregation to overcome
some of the weaknesses of decision trees. We then proceed to develop and backtest a long-
short strategy for Japanese equities.

Chapter 12, Boosting Your Trading Strategy, introduces gradient boosting and demonstrates
how to use the libraries XGBoost, LightBGM, and CatBoost for high-performance training
and prediction. It reviews how to tune the numerous hyperparameters and interpret the
model using SHapley Additive exPlanation (SHAP) values before building and evaluating
a strategy that trades US equities based on LightGBM return forecasts.

Chapter 13, Data-Driven Risk Factors and Asset Allocation with Unsupervised Learning, shows
how to use dimensionality reduction and clustering for algorithmic trading. It uses
principal and independent component analysis to extract data-driven risk factors and
generate eigenportfolios. It presents several clustering techniques and demonstrates the
use of hierarchical clustering for asset allocation.
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Part 3 — Natural language processing

Part 3 focuses on text data and introduces state-of-the-art unsupervised learning techniques
to extract high-quality signals from this key source of alternative data.

Chapter 14, Text Data for Trading - Sentiment Analysis, demonstrates how to convert text data
into a numerical format and applies the classification algorithms from Part 2 for sentiment
analysis to large datasets.

Chapter 15, Topic Modeling - Summarizing Financial News, uses unsupervised learning to
extract topics that summarize a large number of documents and offer more effective ways
to explore text data or use topics as features for a classification model. It demonstrates
how to apply this technique to earnings call transcripts sourced in Chapter 3 and to annual
reports filed with the Securities and Exchange Commission (SEC).

Chapter 16, Word Embeddings for Earnings Calls and SEC Filings, uses neural networks to
learn state-of-the-art language features in the form of word vectors that capture semantic
context much better than traditional text features and represent a very promising avenue
for extracting trading signals from text data.

Part 4 — Deep and reinforcement learning

Part 4 introduces deep learning and reinforcement learning.

Chapter 17, Deep Learning for Trading, introduces TensorFlow 2 and PyTorch, the most
popular deep learning frameworks, which we will use throughout Part 4. It presents
techniques for training and tuning, including regularization. It also builds and evaluates
a trading strategy for US equities.

Chapter 18, CNNs for Financial Time Series and Satellite Images, covers convolutional neural
networks (CNNs) that are very powerful for classification tasks with unstructured data
at scale. We will introduce successful architectural designs, train a CNN on satellite data
(for example, to predict economic activity), and use transfer learning to speed up training.
We'll also replicate a recent idea to convert financial time series into a two-dimensional
image format to leverage the built-in assumptions of CNNss.

Chapter 19, RNNs for Multivariate Time Series and Sentiment Analysis, shows how recurrent
neural networks (RNNs) are useful for sequence-to-sequence modeling, including for
univariate and multivariate time series to predict. It demonstrates how RNNs capture
nonlinear patterns over longer periods using word embeddings introduced in Chapter 16
to predict returns based on the sentiment expressed in SEC filings.

Chapter 20, Autoencoders for Conditional Risk Factors and Asset Pricing, covers autoencoders
for the nonlinear compression of high-dimensional data. It implements a recent paper that
uses a deep autoencoder to learn both risk factor returns and factor loadings from the data
while conditioning the latter on asset characteristics. We'll create a large US equity dataset
with metadata and generate predictive signals.
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Chapter 21, Generative Adversarial Networks for Synthetic Time-Series Data, presents one of the
most exciting advances in deep learning. Generative adversarial networks (GANSs) are
capable of learning to reproduce synthetic replicas of a target data type, such as images of
celebrities. In addition to images, GANs have also been applied to time-series data. This
chapter replicates a novel approach to generate synthetic stock price data that could be
used to train an ML model or backtest a strategy, and also evaluate its quality.

Chapter 22, Deep Reinforcement Learning - Building a Trading Agent, presents how
reinforcement learning (RL) permits the design and training of agents that learn to
optimize decisions over time in response to their environment. You will see how to create
a custom trading environment and build an agent that responds to market signals using
OpenAl Gym.

Chapter 23, Conclusions and Next Steps, summarizes the lessons learned and outlines several
steps you can take to continue learning and building your own trading strategies.

Appendix, Alpha Factor Library, lists almost 200 popular financial features, explains
their rationale, and shows how to compute them. It also evaluates and compares their
performance in predicting daily stock returns.

To get the most out of this book

In addition to the content summarized in the previous section, the hands-on nature of the
book consists of over 160 Jupyter notebooks hosted on GitHub that demonstrate the use of
ML for trading in practice on a broad range of data sources. This section describes how to
use the GitHub repository, obtain the data used in the numerous examples, and set up the
environment to run the code.

The GitHub repository

The book revolves around the application of ML algorithms to trading. The hands-on
aspects are covered in Jupyter notebooks, hosted on GitHub, that illustrate many of the
concepts and models in more detail. While the chapters aim to be self-contained, the code
examples and results often take up too much space to include in their complete forms.
Therefore, it is very important to view the notebooks that contain significant additional
content while reading the chapter, even if you do not intend to run the code yourself.

The repository is organized so that each chapter has its own directory containing the
relevant notebooks and a README file containing separate instructions where needed, as
well as references and resources specific to the chapter's content. The relevant notebooks
are identified throughout each chapter, as necessary. The repository also contains
instructions on how to install the requisite libraries and obtain the data.

You can find the code files placed at: https://github.com/PacktPublishing/Machine-
Learning-for-Algorithmic-Trading-Second-Edition.
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Data sources

We will use freely available historical data from market, fundamental, and alternative
sources. Chapter 2 and Chapter 3 cover characteristics and access to these data sources and
introduce key providers that we will use throughout the book. The companion GitHub
repository just described contains instructions on how to obtain or create some of the
datasets that we will use throughout and includes some smaller datasets.

A few sample data sources that we will source and work with include, but are not limited to:

* Nasdaq ITCH order book data

* Electronic Data Gathering, Analysis, and Retrieval (EDGAR) SEC filings

* Earnings call transcripts from Seeking Alpha

* Quandl daily prices and other data points for over 3,000 US stocks

* International equity data from Stooq and using the yfinance library

* Various macro fundamental and benchmark data from the Federal Reserve
* Large Yelp business reviews and Twitter datasets

* EUROSAT satellite image data

Some of the data is large (several gigabytes), such as Nasdaq and SEC filings. The
notebooks indicate when that is the case.

See the data directory in the root folder of the GitHub repository for instructions.

Anaconda and Docker images

The book requires Python 3.7 or higher and uses the Anaconda distribution. The book uses
various conda environments for the four parts to cover a broad range of libraries while
limiting dependencies and conflicts.

The installation directory in the GitHub repository contains detailed instructions. You
can either use the provided Docker image to create a container with the necessary
environments or use the .ym1 files to create them locally.

Download the example code files

You can download the example code files for this book from your account at http://
www . packtpub. com. If you purchased this book elsewhere, you can visit http: //www.
packtpub.com/support and register to have the files emailed directly to you.

You can download the code files by following these steps:

1. Login or register at http://www.packtpub.com.
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2. Select the SUPPORT tab.
3. Click on Code Downloads & Errata.

4. Enter the name of the book in the Search box and follow the on-screen instructions.

Once the file is downloaded, please make sure that you unzip or extract the folder using the
latest version of your preferred compression tool:

*  WinRAR or 7-Zip for Windows
* Zipeg, iZip, or UnRarX for Mac
* 7-Zip or PeaZip for Linux

The code bundle for the book is also hosted on GitHub at https://github.com/
PacktPublishing/Machine-Learning-for-Algorithmic-Trading-Second-Edition.
We also have other code bundles from our rich catalog of books and videos available at
https://github.com/PacktPublishing/. Check them out!

Download the color images

We also provide a PDF file that has color images of the screenshots/diagrams
used in this book. You can download it here: https://static.packt-cdn.com/
downloads/9781839217715 ColorImages.pdf

Conventions used

There are a number of text conventions used throughout this book.

CodeInText: Indicates code words in text, database table names, folder names, filenames,
file extensions, pathnames, dummy URLs, user input, and Twitter handles. For example,
"The compute_ factors () method creates a MeanReversion factor instance and creates
long, short, and ranking pipeline columns."

A block of code is set as follows:

from pykalman import KalmanFilter

kf = KalmanFilter(transition_matrices = [1],
observation_matrices = [1],
initial_state_mean = 0,
initial_state_covariance = 1,
observation_covariance=1,
transition_covariance=.01)

Bold: Indicates a new term, an important word, or words that you see on the screen, for
example, in menus or dialog boxes, also appear in the text like this. For example, "The
Python Algorithmic Trading Library (PyAlgoTrade) focuses on backtesting and offers
support for paper trading and live trading."
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\/;p’> Informational notes appear like this.

Get in touch

Feedback from our readers is always welcome.

General feedback: Email feedbackepacktpub.com, and mention the book's title in the
subject of your message. If you have questions about any aspect of this book, please email
us at questionse@epacktpub.com.

Errata: Although we have taken every care to ensure the accuracy of our content, mistakes
do happen. If you have found a mistake in this book we would be grateful if you would
report this to us. Please visit, http://www.packtpub.com/submit -errata, selecting your
book, clicking on the Errata Submission Form link, and entering the details.

Piracy: If you come across any illegal copies of our works in any form on the Internet, we
would be grateful if you would provide us with the location address or website name.
Please contact us at copyrightepacktpub.com with a link to the material.

If you are interested in becoming an author: If there is a topic that you have expertise
in and you are interested in either writing or contributing to a book, please visit http://
authors.packtpub.com.

Reviews

Please leave a review. Once you have read and used this book, why not leave a review on
the site that you purchased it from? Potential readers can then see and use your unbiased
opinion to make purchase decisions, we at Packt can understand what you think about our
products, and our authors can see your feedback on their book. Thank you!

For more information about Packt, please visit packtpub.com.
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Machine Learning for Trading —
From ldea to Execution

Algorithmic trading relies on computer programs that execute algorithms to automate
some or all elements of a trading strategy. Algorithms are a sequence of steps or rules
designed to achieve a goal. They can take many forms and facilitate optimization
throughout the investment process, from idea generation to asset allocation, trade
execution, and risk management.

Machine learning (ML) involves algorithms that learn rules or patterns from data to
achieve a goal such as minimizing a prediction error. The examples in this book will
illustrate how ML algorithms can extract information from data to support or automate
key investment activities. These activities include observing the market and analyzing data
to form expectations about the future and decide on placing buy or sell orders, as well as
managing the resulting portfolio to produce attractive returns relative to the risk.

Ultimately, the goal of active investment management is to generate alpha, defined as
portfolio returns in excess of the benchmark used for evaluation. The fundamental law of
active management postulates that the key to generating alpha is having accurate return
forecasts combined with the ability to act on these forecasts (Grinold 1989; Grinold and
Kahn 2000).

This law defines the information ratio (IR) to express the value of active management as
the ratio of the return difference between the portfolio and a benchmark to the volatility of
those returns. It further approximates the IR as the product of the following:

* The information coefficient (IC), which measures the quality of forecasts as their
rank correlation with outcomes

* The square root of the breadth of a strategy expressed as the number
of independent bets on these forecasts
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The competition of sophisticated investors in financial markets implies that making precise
predictions to generate alpha requires superior information, either through access to better
data, a superior ability to process it, or both.

This is where ML comes in: applications of ML for trading (ML4T) typically aim to make
more efficient use of a rapidly diversifying range of data to produce both better and more
actionable forecasts, thus improving the quality of investment decisions and results.

Historically, algorithmic trading used to be more narrowly defined as the automation

of trade execution to minimize the costs offered by the sell-side. This book takes a more
comprehensive perspective since the use of algorithms in general and ML in particular has
come to impact a broader range of activities, from generating ideas and extracting signals
from data to asset allocation, position-sizing, and testing and evaluating strategies.

This chapter looks at industry trends that have led to the emergence of ML as a source of
competitive advantage in the investment industry. We will also look at where ML fits into
the investment process to enable algorithmic trading strategies. More specifically, we will
be covering the following topics:

* Key trends behind the rise of ML in the investment industry
* The design and execution of a trading strategy that leverages ML

* Popular use cases for ML in trading

You can find links to additional resources and references in the

‘ D, READMEE file for this chapter in the GitHub repository (https://
\/ github.com/PacktPublishing/Machine-Learning-for-
Algorithmic-Trading-Second-Edition).

The rise of ML in the investment industry

The investment industry has evolved dramatically over the last several decades and
continues to do so amid increased competition, technological advances, and a challenging
economic environment. This section reviews key trends that have shaped the overall
investment environment and the context for algorithmic trading and the use of

ML more specifically.

The trends that have propelled algorithmic trading and ML to their current
prominence include:

* Changes in the market microstructure, such as the spread of electronic trading and
the integration of markets across asset classes and geographies

* The development of investment strategies framed in terms of risk-factor exposure,
as opposed to asset classes

* The revolutions in computing power, data generation and management, and
statistical methods, including breakthroughs in deep learning

[2]



Chapter 1

* The outperformance of the pioneers in algorithmic trading relative to human,
discretionary investors

In addition, the financial crises of 2001 and 2008 have affected how investors approach
diversification and risk management. One outcome is the rise in low-cost passive
investment vehicles in the form of exchange-traded funds (ETFs).

Amid low yields and low volatility following the 2008 crisis, which triggered large-scale
asset purchases by leading central banks, cost-conscious investors shifted over $3.5 trillion
from actively managed mutual funds into passively managed ETFs.

Competitive pressure is also reflected in lower hedge fund fees, which dropped from the
traditional 2 percent annual management fee and 20 percent take of profits to an average
of 1.48 percent and 17.4 percent, respectively, in 2017.

From electronic to high-frequency trading

Electronic trading has advanced dramatically in terms of capabilities, volume, coverage of
asset classes, and geographies since networks started routing prices to computer terminals
in the 1960s. Equity markets have been at the forefront of this trend worldwide. See

Harris (2003) and Strumeyer (2017) for comprehensive coverage of relevant changes in
financial markets; we will return to this topic when we cover how to work with market and
fundamental data in the next chapter.

The 1997 order-handling rules by the SEC introduced competition to exchanges through
electronic communication networks (ECNs). ECNs are automated alternative trading
systems (ATS) that match buy-and-sell orders at specified prices, primarily for equities

and currencies, and are registered as broker-dealers. It allows significant brokerages and
individual traders in different geographic locations to trade directly without intermediaries,
both on exchanges and after hours.

Dark pools are another type of private ATS that allows institutional investors to trade large
orders without publicly revealing their information, contrary to how exchanges managed
their order books prior to competition from ECNs. Dark pools do not publish pre-trade
bids and offers, and trade prices only become public some time after execution. They have
grown substantially since the mid-2000s to account for 40 percent of equities traded in the
US due to concerns about adverse price movements of large orders and order front-running
by high-frequency traders. They are often housed within large banks and are subject to

SEC regulation.

With the rise of electronic trading, algorithms for cost-effective execution developed
rapidly and adoption spread quickly from the sell-side to the buy-side and across asset
classes. Automated trading emerged around 2000 as a sell-side tool aimed at cost-effective
execution that broke down orders into smaller, sequenced chunks to limit their market
impact. These tools spread to the buy side and became increasingly sophisticated by taking
into account, for example, transaction costs and liquidity, as well as short-term price and
volume forecasts.
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Direct market access (DMA) gives a trader greater control over execution by allowing them
to send orders directly to the exchange using the infrastructure and market participant
identification of a broker who is a member of an exchange. Sponsored access removes pre-
trade risk controls by the brokers and forms the basis for high-frequency trading (HFT).

HFT refers to automated trades in financial instruments that are executed with extremely
low latency in the microsecond range and where participants hold positions for very short
periods. The goal is to detect and exploit inefficiencies in the market microstructure, the
institutional infrastructure of trading venues.

HFT has grown substantially over the past 10 years and is estimated to make up roughly
55 percent of trading volume in US equity markets and about 40 percent in European
equity markets. HFT has also grown in futures markets to roughly 80 percent of foreign-
exchange futures volumes and two-thirds of both interest rate and Treasury 10-year futures
volumes (Miller 2016).

HFT strategies aim to earn small profits per trade using passive or aggressive strategies.
Passive strategies include arbitrage trading to profit from very small price differentials for
the same asset, or its derivatives, traded on different venues. Aggressive strategies include
order anticipation or momentum ignition. Order anticipation, also known as liquidity
detection, involves algorithms that submit small exploratory orders to detect hidden
liquidity from large institutional investors and trade ahead of a large order to benefit from
subsequent price movements. Momentum ignition implies an algorithm executing and
canceling a series of orders to spoof other HFT algorithms into buying (or selling) more
aggressively and benefit from the resulting price changes.

Regulators have expressed concern over the potential link between certain aggressive HFT
strategies and increased market fragility and volatility, such as that experienced during
the May 2010 Flash Crash, the October 2014 Treasury market volatility, and the sudden
crash by over 1,000 points of the Dow Jones Industrial Average on August 24, 2015. At the
same time, market liquidity has increased with trading volumes due to the presence of
HFT, which has lowered overall transaction costs.

The combination of reduced trading volumes amid lower volatility and rising costs of
technology and access to both data and trading venues has led to financial pressure.
Aggregate HFT revenues from US stocks were estimated to have dropped beneath $1
billion in 2017 for the first time since 2008, down from $7.9 billion in 2009. This trend has
led to industry consolidation, with various acquisitions by, for example, the largest listed
proprietary trading firm, Virtu Financial, and shared infrastructure investments, such as the
new Go West ultra-low latency route between Chicago and Tokyo. Simultaneously, start-
ups such as Alpha Trading Labs are making HFT trading infrastructure and data available
to democratize HFT by crowdsourcing algorithms in return for a share of the profits.
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Factor investing and smart beta funds

The return provided by an asset is a function of the uncertainty or risk associated with
the investment. An equity investment implies, for example, assuming a company's
business risk, and a bond investment entails default risk. To the extent that specific risk
characteristics predict returns, identifying and forecasting the behavior of these risk
factors becomes a primary focus when designing an investment strategy. It yields valuable
trading signals and is the key to superior active-management results. The industry's
understanding of risk factors has evolved very substantially over time and has impacted
how ML is used for trading. Chapter 4, Financial Feature Engineering — How to Research
Alpha Factors, and Chapter 5, Portfolio Optimization and Performance Evaluation, will dive
deeper into the practical applications of the concepts outlined here; see Ang (2014) for
comprehensive coverage.

Modern portfolio theory (MPT) introduced the distinction between idiosyncratic and
systematic sources of risk for a given asset. Idiosyncratic risk can be eliminated through
diversification, but systematic risk cannot. In the early 1960s, the capital asset pricing
model (CAPM) identified a single factor driving all asset returns: the return on the market
portfolio in excess of T-bills. The market portfolio consisted of all tradable securities,
weighted by their market value. The systematic exposure of an asset to the market is
measured by beta, which is the correlation between the returns of the asset and the
market portfolio.

The recognition that the risk of an asset does not depend on the asset in isolation, but rather
how it moves relative to other assets and the market as a whole, was a major conceptual
breakthrough. In other words, assets earn a risk premium based on their exposure to
underlying, common risks experienced by all assets, not due to their specific, idiosyncratic
characteristics.

Subsequently, academic research and industry experience have raised numerous critical
questions regarding the CAPM prediction that an asset's risk premium depends only on
its exposure to a single factor measured by the asset's beta. Instead, numerous additional
risk factors have since been discovered. A factor is a quantifiable signal, attribute, or any
variable that has historically correlated with future stock returns and is expected to remain
correlated in the future.

These risk factors were labeled anomalies since they contradicted the efficient market
hypothesis (EMH). The EMH maintains that market equilibrium would always price
securities according to the CAPM so that no other factors should have predictive power
(Malkiel 2003). The economic theory behind factors can be either rational, where factor risk
premiums compensate for low returns during bad times, or behavioral, where agents fail to
arbitrage away excess returns.
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Well-known anomalies include the value, size, and momentum effects that help predict
returns while controlling for the CAPM market factor. The size effect rests on small firms
systematically outperforming large firms (Banz 1981; Reinganum 1981). The value effect
(Basu et. al. 1981) states that firms with low valuation metrics outperform their counterparts
with the opposite characteristics. It suggests that firms with low price multiples, such as

the price-to-earnings or the price-to-book ratios, perform better than their more expensive
peers (as suggested by the inventors of value investing, Benjamin Graham and David
Dodd, and popularized by Warren Buffet).

The momentum effect, discovered in the late 1980s by, among others, Clifford Asness,
the founding partner of AQR, states that stocks with good momentum, in terms of recent
6-12 month returns, have higher returns going forward than poor momentum stocks
with similar market risk. Researchers also found that value and momentum factors
explain returns for stocks outside the US, as well as for other asset classes, such as bonds,
currencies, and commodities, and additional risk factors (Jegadeesh and Titman 1993;
Asness, Moskowitz, and Pedersen 2013).

In fixed income, the value strategy is called riding the yield curve and is a form of the
duration premium. In commodities, it is called the roll return, with a positive return for an
upward-sloping futures curve and a negative return otherwise. In foreign exchange, the
value strategy is called carry.

There is also an illiquidity premium. Securities that are more illiquid trade at low prices
and have high average excess returns, relative to their more liquid counterparts. Bonds
with a higher default risk tend to have higher returns on average, reflecting a credit risk
premium. Since investors are willing to pay for insurance against high volatility when
returns tend to crash, sellers of volatility protection in options markets tend to earn

high returns.

Multifactor models define risks in broader and more diverse terms than just the market
portfolio. In 1976, Stephen Ross proposed the arbitrage pricing theory, which asserted that
investors are compensated for multiple systematic sources of risk that cannot be diversified
away (Roll and Ross 1984). The three most important macro factors are growth, inflation,
and volatility, in addition to productivity, demographic, and political risk. In 1993, Eugene
Fama and Kenneth French combined the equity risk factors' size and value with a market
factor into a single three-factor model that better explained cross-sectional stock returns.
They later added a model that also included bond risk factors to simultaneously explain
returns for both asset classes (Fama and French 1993; 2015).

A particularly attractive aspect of risk factors is their low or negative correlation. Value
and momentum risk factors, for instance, are negatively correlated, reducing the risk and
increasing risk-adjusted returns above and beyond the benefit implied by the risk factors.
Furthermore, using leverage and long-short strategies, factor strategies can be combined
into market-neutral approaches. The combination of long positions in securities exposed
to positive risks with underweight or short positions in the securities exposed to negative
risks allows for the collection of dynamic risk premiumes.
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As a result, the factors that explained returns above and beyond the CAPM were
incorporated into investment styles that tilt portfolios in favor of one or more factors, and
assets began to migrate into factor-based portfolios. The 2008 financial crisis underlined
how asset-class labels could be highly misleading and create a false sense of diversification
when investors do not look at the underlying factor risks, as asset classes came crashing
down together.

Over the past several decades, quantitative factor investing has evolved from a simple
approach based on two or three styles to multifactor smart or exotic beta products. Smart
beta funds have crossed $1 trillion AUM in 2017, testifying to the popularity of the hybrid
investment strategy that combines active and passive management. Smart beta funds take
a passive strategy but modify it according to one or more factors, such as cheaper stocks or
screening them according to dividend payouts, to generate better returns. This growth has
coincided with increasing criticism of the high fees charged by traditional active managers
as well as heightened scrutiny of their performance.

The ongoing discovery and successful forecasting of risk factors that, either individually
or in combination with other risk factors, significantly impact future asset returns across
asset classes is a key driver of the surge in ML in the investment industry and will be a key
theme throughout this book.

Algorithmic pioneers outperform humans

The track record and growth of assets under management (AUM) of firms that
spearheaded algorithmic trading has played a key role in generating investor interest and
subsequent industry efforts to replicate their success. Systematic funds differ from HFT in
that trades may be held significantly longer while seeking to exploit arbitrage opportunities
as opposed to advantages from sheer speed.

Systematic strategies that mostly or exclusively rely on algorithmic decision-making were
most famously introduced by mathematician James Simons, who founded Renaissance
Technologies in 1982 and built it into the premier quant firm. Its secretive Medallion Fund,
which is closed to outsiders, has earned an estimated annualized return of 35 percent

since 1982.

D. E. Shaw, Citadel, and Two Sigma, three of the most prominent quantitative hedge
funds that use systematic strategies based on algorithms, rose to the all-time top-20
performers for the first time in 2017, in terms of total dollars earned for investors, after fees,
and since inception.

D. E. Shaw, founded in 1988 and with $50 billion in AUM in 2019, joined the list at number
3. Citadel, started in 1990 by Kenneth Griffin, manages $32 billion, and ranked 5. Two
Sigma, started only in 2001 by D. E. Shaw alumni John Overdeck and David Siegel, has
grown from $8 billion in AUM in 2011 to $60 billion in 2019. Bridgewater, started by Ray
Dalio in 1975, had over $160 billion in AUM in 2019 and continues to lead due to its Pure
Alpha fund, which also incorporates systematic strategies.

[71



Machine Learning for Trading — From Idea to Execution

Similarly, on the Institutional Investors 2018 Hedge Fund 100 list, the four largest

firms, and five of the top six firms, rely largely or completely on computers and trading
algorithms to make investment decisions —and all of them have been growing their assets
in an otherwise challenging environment. Several quantitatively focused firms climbed the
ranks and, in some cases, grew their assets by double-digit percentages. Number 2-ranked
Applied Quantitative Research (AQR) grew its hedge fund assets by 48 percent in 2017
and by 29 percent in 2018 to nearly $90 billion.

ML-driven funds attract $1 trillion in AUM

The familiar three revolutions in computing power, data availability, and statistical
methods have made the adoption of systematic, data-driven strategies not only more
compelling and cost-effective but a key source of competitive advantage.

As a result, algorithmic approaches are not only finding wider application in the hedge-
fund industry that pioneered these strategies but across a broader range of asset managers
and even passively managed vehicles such as ETFs. In particular, predictive analytics
using ML and algorithmic automation play an increasingly prominent role in all steps of
the investment process across asset classes, from idea generation and research to strategy
formulation and portfolio construction, trade execution, and risk management.

Estimates of industry size vary because there is no objective definition of a quantitative
or algorithmic fund. Many traditional hedge funds or even mutual funds and ETFs

are introducing computer-driven strategies or integrating them into a discretionary
environment in a human-plus-machine approach.

According to the Economist, in 2016, systematic funds became the largest driver of
institutional trading in the US stock market (ignoring HFT, which mainly acts as a
middleman). In 2019, they accounted for over 35 percent of institutional volume, up from
just 18 percent in 2010; just 10% of trading is still due to traditional equity funds. Measured
by the Russell 3000 index, the value of US stocks is around $31 trillion. The three types of
computer-managed funds —index funds, ETFs, and quant funds —run around 35 percent,
whereas human managers at traditional hedge funds and other mutual funds manage just
24 percent.

The market research firm Preqin estimates that almost 1,500 hedge funds make a majority
of their trades with help from computer models. Quantitative hedge funds are now
responsible for 27 percent of all US stock trades by investors, up from 14 percent in 2013.
But many use data scientists —or quants —who, in turn, use machines to build large
statistical models.

In recent years, however, funds have moved toward true ML, where artificially intelligent

systems can analyze large amounts of data at speed and improve themselves through such
analyses. Recent examples include Rebellion Research, Sentient, and Aidyia, which rely on
evolutionary algorithms and deep learning to devise fully automatic artificial intelligence
(AI)-driven investment platforms.
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From the core hedge fund industry, the adoption of algorithmic strategies has spread to
mutual funds and even passively managed EFTs in the form of smart beta funds, and to
discretionary funds in the form of quantamental approaches.

The emergence of quantamental funds

Two distinct approaches have evolved in active investment management: systematic

(or quant) and discretionary investing. Systematic approaches rely on algorithms for a
repeatable and data-driven approach to identify investment opportunities across many
securities. In contrast, a discretionary approach involves an in-depth analysis of the
fundamentals of a smaller number of securities. These two approaches are becoming more
similar as fundamental managers take more data science-driven approaches.

Even fundamental traders now arm themselves with quantitative techniques, accounting
for $55 billion of systematic assets, according to Barclays. Agnostic to specific companies,
quantitative funds trade based on patterns and dynamics across a wide swath of securities.
Such quants accounted for about 17 percent of total hedge fund assets, as data compiled by
Barclays in 2018 showed.

Point72, with $14 billion in assets, has been shifting about half of its portfolio managers to
a human-plus-machine approach. Point72 is also investing tens of millions of dollars into a
group that analyzes large amounts of alternative data and passes the results on to traders.

Investments in strategic capabilities

Three trends have boosted the use of data in algorithmic trading strategies and may further
shift the investment industry from discretionary to quantitative styles:

* The exponential increase in the availability of digital data
* The increase in computing power and data storage capacity at a lower cost

* The advances in statistical methods for analyzing complex datasets

Rising investments in related capabilities — technology, data, and, most importantly,
skilled humans —highlight how significant algorithmic trading using ML has become
for competitive advantage, especially in light of the rising popularity of passive, indexed
investment vehicles, such as ETFs, since the 2008 financial crisis.

Morgan Stanley noted that only 23 percent of its quant clients say they are not considering
using or not already using ML, down from 44 percent in 2016. Guggenheim Partners built
what it calls a supercomputing cluster for $1 million at the Lawrence Berkeley National
Laboratory in California to help crunch numbers for Guggenheim's quant investment
funds. Electricity for computers costs another $1 million per year.
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AQR is a quantitative investment group that relies on academic research to identify and

systematically trade factors that have, over time, proven to beat the broader market.

The firm used to eschew the purely computer-powered strategies of quant peers such as

Renaissance Technologies or DE Shaw. More recently, however, AQR has begun to seek

profitable patterns in markets using ML to parse through novel datasets, such as satellite
pictures of shadows cast by oil wells and tankers.

The leading firm BlackRock, with over $5 trillion in AUM, also bets on algorithms to beat
discretionary fund managers by heavily investing in SAE, a systematic trading firm it
acquired during the financial crisis. Franklin Templeton bought Random Forest Capital,

a debt-focused, data-led investment company, for an undisclosed amount, hoping that its
technology can support the wider asset manager.

ML and alternative data

Hedge funds have long looked for alpha through informational advantage and the ability
to uncover new uncorrelated signals. Historically, this included things such as proprietary
surveys of shoppers, or of voters ahead of elections or referendums.

Occasionally, the use of company insiders, doctors, and expert networks to expand
knowledge of industry trends or companies crosses legal lines: a series of prosecutions
of traders, portfolio managers, and analysts for using insider information after 2010 has
shaken the industry.

In contrast, the informational advantage from exploiting conventional and alternative data
sources using ML is not related to expert and industry networks or access to corporate
management, but rather the ability to collect large quantities of very diverse data sources
and analyze them in real time.

Conventional data includes economic statistics, trading data, or corporate reports.
Alternative data is much broader and includes sources such as satellite images, credit card
sales, sentiment analysis, mobile geolocation data, and website scraping, as well as the
conversion of data generated in the ordinary course of business into valuable intelligence. It
includes, in principle, any data source containing (potential) trading signals.

For instance, data from an insurance company on the sales of new car insurance policies
captures not only the volumes of new car sales but can be broken down into brands

or geographies. Many vendors scrape websites for valuable data, ranging from app
downloads and user reviews to airline and hotel bookings. Social media sites can also be
scraped for hints on consumer views and trends.

Typically, the datasets are large and require storage, access, and analysis using scalable
data solutions for parallel processing, such as Hadoop and Spark. There are more than 1
billion websites with more than 10 trillion individual web pages, with 500 exabytes (or 500
billion gigabytes) of data, according to Deutsche Bank. And more than 100 million websites
are added to the internet every year.
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Real-time insights into a company's prospects, long before their results are released, can be
gleaned from a decline in job listings on its website, the internal rating of its chief executive
by employees on the recruitment site Glassdoor, or a dip in the average price of clothes

on its website. Such information can be combined with satellite images of car parks and
geolocation data from mobile phones that indicate how many people are visiting stores.

On the other hand, strategic moves can be learned from a jump in job postings for specific
functional areas or in certain geographies.

Among the most valuable sources is data that directly reveals consumer expenditures, with
credit card information as a primary source. This data offers only a partial view of sales
trends, but it can offer vital insights when combined with other data. Point72, for instance,
at some point analyzed 80 million credit card transactions every day. We will explore the
various sources, their use cases, and how to evaluate them in detail in Chapter 3, Alternative
Data for Finance — Categories and Use Cases.

Investment groups have more than doubled their spending on alternative sets and data
scientists in the past two years, as the asset management industry has tried to reinvigorate
its fading fortunes. In December 2018, there were 375 alternative data providers listed on
alternativedata.org (sponsored by provider Yipit).

Asset managers spent a total of $373 million on datasets and hiring new employees to parse
them in 2017, up 60 percent from 2016, and will probably spend a total of $616 million this
year, according to a survey of investors by alternativedata.org. It forecast that overall
expenditures will climb to over $1 billion by 2020. Some estimates are even higher: Optimus,
a consultancy, estimates that investors are spending about $5 billion per year on alternative
data, and expects the industry to grow 30 percent per year over the coming years.

As competition for valuable data sources intensifies, exclusivity arrangements are a key
feature of data-source contracts, to maintain an informational advantage. At the same time,
privacy concerns are mounting, and regulators have begun to start looking at the currently
largely unregulated data-provider industry.

Crowdsourcing trading algorithms

More recently, several algorithmic trading firms have begun to offer investment platforms
that provide access to data and a programming environment to crowdsource risk factors
that become part of an investment strategy or entire trading algorithms. Key examples
include WorldQuant, Quantopian, and, most recently, Alpha Trading Labs (launched

in 2018).
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WorldQuant was spun out of Millennium Management (AUM: $41 billion) in 2007, for
whom it manages around $5 billion. It employs hundreds of scientists and many more
part-time workers around the world in its alpha factory, which organizes the investment
process as a quantitative assembly line. This factory claims to have produced 4 million
successfully tested alpha factors for inclusion in more complex trading strategies and is
aiming for 100 million. Each alpha factor is an algorithm that seeks to predict a future asset
price change. Other teams then combine alpha factors into strategies and strategies into
portfolios, allocate funds between portfolios, and manage risk while avoiding strategies
that cannibalize each other. See the Appendix, Alpha Factor Library, for dozens of examples of
quantitative factors used at WorldQuant.

Designing and executing an ML-driven strategy

In this book, we demonstrate how ML fits into the overall process of designing, executing,
and evaluating a trading strategy. To this end, we'll assume that an ML-based strategy is
driven by data sources that contain predictive signals for the target universe and strategy,
which, after suitable preprocessing and feature engineering, permit an ML model to predict
asset returns or other strategy inputs. The model predictions, in turn, translate into buy or
sell orders based on human discretion or automated rules, which in turn may be manually
encoded or learned by another ML algorithm in an end-to-end approach.

Figure 1.1 depicts the key steps in this workflow, which also shapes the organization of
this book:

The ML4T Workflow

Data Sources N | Machine Learning Models
& Point-In-Time ' | Factor & Feature ",
S Adjustments /| Engineering + Model Design
) + Parameter Tuning
Market Fundamental Alternative « Cross-Validation
Execution \.‘ Live Portfolio Monitoring & Evaluation Predictions
Symbol Position * Risk Management * Risk Factors
Global AMZN 5000  / + Performance + Prices & Returns
Markets v 1500 / = Attribution » Covariance
UBER -350 /
Orders Target Portfolio .-’ Portfolio Optimizer /" Asset Selection
Symbol Order Shares Limit Symbol Position / Aneet Aloostl
AMZIN BUY 200 123.45 AMZN 3800 s Sft WO‘?a:f“ * Rule-based
vV OSEL 50 32121 v 2300 |\ LR e Profil + Model-based
UBER  SELL 250  145.83 UBER 500 \, *Risk-Return Frofile + Bet Sizing

Figure 1.1: The MLAT workflow
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Part 1 introduces important skills and techniques that apply across different strategies and
ML use cases. These include the following;:

* How to source and manage important data sources
* How to engineer informative features or alpha factors that extract signal content

* How to manage a portfolio and track strategy performance

Moreover, Chapter 8, The ML4T Workflow - From Model to Strategy Backtesting, in Part 2,
covers strategy backtesting. We will briefly outline each of these areas before turning to
relevant ML use cases, which make up the bulk of the book in Parts 2, 3, and 4.

Sourcing and managing data

The dramatic evolution of data availability in terms of volume, variety, and velocity is a
key complement to the application of ML to trading, which in turn has boosted industry
spending on the acquisition of new data sources. However, the proliferating supply of data
requires careful selection and management to uncover the potential value, including the
following steps:

1. Identify and evaluate market, fundamental, and alternative data sources containing
alpha signals that do not decay too quickly.

2. Deploy or access a cloud-based scalable data infrastructure and analytical tools like
Hadoop or Spark to facilitate fast, flexible data access.

3. Carefully manage and curate data to avoid look-ahead bias by adjusting it to the
desired frequency on a point-in-time basis. This means that data should reflect
only information available and known at the given time. ML algorithms trained on
distorted historical data will almost certainly fail during live trading.

We will cover these aspects in practical detail in Chapter 2, Market and Fundamental Data -
Sources and Techniques, and Chapter 3, Alternative Data for Finance — Categories and Use Cases.

From alpha factor research to portfolio management

Alpha factors are designed to extract signals from data to predict returns for a given
investment universe over the trading horizon. A typical factor takes on a single value for
each asset when evaluated at a given point in time, but it may combine one or several input
variables or time periods. If you are already familiar with the ML workflow (see Chapter

6, The Machine Learning Process), you may view alpha factors as domain-specific features
designed for a specific strategy. Working with alpha factors entails a research phase and an
execution phase as outlined in Figure 1.2:
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Research Execution

Figure 1.2: The alpha factor research process

The research phase

The research phase includes the design and evaluation of alpha factors. A predictive factor
captures some aspect of a systematic relationship between a data source and an important
strategy input like asset returns. Optimizing the predictive power requires creative feature
engineering in the form of effective data transformations.

False discoveries due to data mining are a key risk that requires careful management. One
way of reducing the risk is to focus the search process by following the guidance of decades
of academic research that has produced several Nobel prizes. Many investors still prefer
factors that align with theories about financial markets and investor behavior. Laying out
these theories is beyond the scope of this book, but the references highlight avenues to dive
deeper into this important framing aspect.

Validating the signal content of an alpha factor requires a robust estimate of its predictive
power in a representative context. There are numerous methodological and practical
pitfalls that undermine a reliable estimate. In addition to data mining and the failure to
correct for multiple testing bias, these pitfalls include the use of data contaminated by
survivorship or look-ahead bias, not reflecting realistic Principal, Interest and Taxes

(PIT) information. Chapter 4, Financial Feature Engineering — How to Research Alpha Factors,
discusses how to successfully manage this process.

The execution phase

During the execution phase, alpha factors emit signals that lead to buy or sell orders. The
resulting portfolio holdings, in turn, have specific risk profiles that interact and contribute
to the aggregate portfolio risk. Portfolio management involves optimizing position sizes
to achieve a balance of return and risk of the portfolio that aligns with the investment
objectives.

Chapter 5, Portfolio Optimization and Performance Evaluation, introduces key techniques and
tools applicable to this phase of the trading strategy workflow, from portfolio optimization
to performance measurement.

[14]



Chapter 1

Strategy backtesting

Incorporating an investment idea into a real-life algorithmic strategy implies a significant
risk that requires a scientific approach. Such an approach involves extensive empirical tests
with the goal of rejecting the idea based on its performance in alternative out-of-sample
market scenarios. Testing may involve simulated data to capture scenarios deemed possible
but not reflected in historic data.

To obtain unbiased performance estimates for a candidate strategy, we need a backtesting
engine that simulates its execution in a realistic manner. In addition to the potential

biases introduced by the data or a flawed use of statistics, the backtesting engine needs to
accurately represent the practical aspects of trade-signal evaluation, order placement, and
execution in line with market conditions.

Chapter 8, The ML4T Workflow - From Model to Strategy Backtesting, shows how to use
backtrader and Zipline and navigate the multiple methodological challenges and completes
the introduction to the end-to-end ML4T workflow.

ML for trading — strategies and use cases

In practice, we apply ML to trading in the context of a specific strategy to meet a certain
business goal. In this section, we briefly describe how trading strategies have evolved and
diversified, and outline real-world examples of ML applications, highlighting how they
relate to the content covered in this book.

The evolution of algorithmic strategies

Quantitative strategies have evolved and become more sophisticated in three waves:

1. Inthe 1980s and 1990s, signals often emerged from academic research and used a
single or very few inputs derived from market and fundamental data. AQR, one of
the largest quantitative hedge funds today, was founded in 1998 to implement such
strategies at scale. These signals are now largely commoditized and available as
ETF, such as basic mean-reversion strategies.

2. In the 2000s, factor-based investing proliferated based on the pioneering work
by Eugene Fama and Kenneth French and others. Funds used algorithms to
identify assets exposed to risk factors like value or momentum to seek arbitrage
opportunities. Redemptions during the early days of the financial crisis triggered
the quant quake of August 2007, which cascaded through the factor-based fund
industry. These strategies are now also available as long-only smart beta funds that
tilt portfolios according to a given set of risk factors.
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3. The third era is driven by investments in ML capabilities and alternative data to
generate profitable signals for repeatable trading strategies. Factor decay is a major
challenge: the excess returns from new anomalies have been shown to drop by a
quarter from discovery to publication, and by over 50 percent after publication due
to competition and crowding,.

Today, traders pursue a range of different objectives when using algorithms to execute rules:

* Trade execution algorithms that aim to achieve favorable pricing

* Short-term trades that aim to profit from small price movements, for example, due
to arbitrage

* Behavioral strategies that aim to anticipate the behavior of other market
participants

* Trading strategies based on absolute and relative price and return predictions

Trade-execution programs aim to limit the market impact of trades and range from the
simple slicing of trades to match time-weighted or volume-weighted average pricing.
Simple algorithms leverage historical patterns, whereas more sophisticated versions take
into account transaction costs, implementation shortfall, or predicted price movements.

HFT funds most prominently rely on very short holding periods to benefit from minor
price movements based on bid-ask or statistical arbitrage. Behavioral algorithms usually
operate in lower-liquidity environments and aim to anticipate moves by a larger player
with significant price impact, based, for example, on sniffing algorithms that generate
insights into other market participants' strategies.

In this book, we will focus on strategies that trade based on expectations of relative price
changes over various time horizons beyond the very short term, dominated by latency
advantages, because they are both widely used and very suitable for the application of ML.

Use cases of ML for trading

ML is capable of extracting tradable signals from a wide range of market, fundamental, and
alternative data and is thus applicable to strategies targeting a range of asset classes and
investment horizons. More generally, however, it is a flexible tool to support or automate
decisions with quantifiable goals and digital data relevant to achieving these goals.
Therefore, it can be applied at several steps of the trading process. There are numerous use
cases in different categories, including;:

* Data mining to identify patterns, extract features, and generate insights

* Supervised learning to generate risk factors or alphas and create trade ideas

* The aggregation of individual signals into a strategy

* The allocation of assets according to risk profiles learned by an algorithm

* The testing and evaluation of strategies, including through the use of synthetic data

* The interactive, automated refinement of a strategy using reinforcement learning
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We briefly highlight some of these applications and identify where we will demonstrate
their use in later chapters.

Data mining for feature extraction and insights

The cost-effective evaluation of large, complex datasets requires the detection of signals at
scale. There are several examples throughout the book:

Information theory helps estimate a signal content of candidate features and is
thus useful for extracting the most valuable inputs for an ML model. In Chapter

4, Financial Feature Engineering — How to Research Alpha Factors, we use mutual
information to compare the potential values of individual features for a supervised
learning algorithm to predict asset returns. Chapter 18 in De Prado (2018) estimates
the information content of a price series as a basis for deciding between alternative
trading strategies.

Unsupervised learning provides a broad range of methods to identify structure in
data to gain insights or help solve a downstream task. We provide several examples:

* In Chapter 13, Data-Driven Risk Factors and Asset Allocation with Unsupervised
Learning, we introduce clustering and dimensionality reduction to generate
features from high-dimensional datasets.

* In Chapter 15, Topic Modeling - Summarizing Financial News, we apply
Bayesian probability models to summarize financial text data.

* In Chapter 20, Autoencoders for Conditional Risk Factors and Asset Pricing,
we use deep learning to extract nonlinear risk factors conditioned on asset
characteristics and predict stock returns based on Kelly et al. (2020).

Model transparency emphasizes model-specific ways to gain insights into the
predictive power of individual variables and introduce a novel game-theoretic
approach called SHapley Additive exPlanations (SHAP). We apply it to gradient
boosting machines with a large number of input variables in Chapter 12, Boosting
Your Trading Strategy, and the Appendix, Alpha Factor Library.

Supervised learning for alpha factor creation

The most familiar rationale for applying ML to trading is to obtain predictions of asset
fundamentals, price movements, or market conditions. A strategy can leverage multiple
ML algorithms that build on each other:

Downstream models can generate signals at the portfolio level by integrating
predictions about the prospects of individual assets, capital market expectations,
and the correlation among securities.

Alternatively, ML predictions can inform discretionary trades as in the
quantamental approach outlined previously.
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ML predictions can also target specific risk factors, such as value or volatility, or
implement technical approaches, such as trend-following or mean reversion:

* In Chapter 3, Alternative Data for Finance — Categories and Use Cases, we illustrate how
to work with fundamental data to create inputs to ML-driven valuation models.

* In Chapter 14, Text Data for Trading — Sentiment Analysis, Chapter 15, Topic Modeling
- Summarizing Financial News, and Chapter 16, Word Embeddings for Earnings Calls
and SEC Filings, we use alternative data on business reviews that can be used to
project revenues for a company as an input for a valuation exercise.

* In Chapter 9, Time-Series Models for Volatility Forecasts and Statistical Arbitrage, we
demonstrate how to forecast macro variables as inputs to market expectations and
how to forecast risk factors such as volatility.

* In Chapter 19, RNNs for Multivariate Time Series and Sentiment Analysis, we introduce
recurrent neural networks that achieve superior performance with nonlinear time
series data.

Asset allocation

ML has been used to allocate portfolios based on decision-tree models that compute a
hierarchical form of risk parity. As a result, risk characteristics are driven by patterns in
asset prices rather than by asset classes and achieve superior risk-return characteristics.

In Chapter 5, Portfolio Optimization and Performance Evaluation, and Chapter 13, Data-Driven
Risk Factors and Asset Allocation with Unsupervised Learning, we illustrate how hierarchical
clustering extracts data-driven risk classes that better reflect correlation patterns than
conventional asset class definition (see Chapter 16 in De Prado 2018).

Testing trade ideas

Backtesting is a critical step to select successful algorithmic trading strategies. Cross-
validation using synthetic data is a key ML technique to generate reliable out-of-sample
results when combined with appropriate methods to correct for multiple testing. The time-
series nature of financial data requires modifications to the standard approach to avoid
look-ahead bias or otherwise contaminating the data used for training, validation, and
testing. In addition, the limited availability of historical data has given rise to alternative
approaches that use synthetic data.

We will demonstrate various methods to test ML models using market, fundamental, and
alternative data sources that obtain sound estimates of out-of-sample errors.

In Chapter 21, Generative Adversarial Networks for Synthetic Time-Series Data, we present
generative adversarial networks (GANSs), which are capable of producing high-quality
synthetic data.
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Reinforcement learning

Trading takes place in a competitive, interactive marketplace. Reinforcement learning aims
to train agents to learn a policy function based on rewards; it is often considered as one of
the most promising areas in financial ML. See, for example, Hendricks and Wilcox (2014)
and Nevmyvaka, Feng, and Kearns (2006) for applications to trade execution.

In Chapter 22, Deep Reinforcement Learning - Building a Trading Agent, we present key
reinforcement algorithms like Q-learning to demonstrate the training of reinforcement
learning algorithms for trading using OpenAl's Gym environment.

Summary

In this chapter, we reviewed key industry trends around algorithmic trading strategies,

the emergence of alternative data, and the use of ML to exploit these new sources of
informational advantage. Furthermore, we introduced key elements of the ML4T workflow
and outlined important use cases of ML for trading in the context of different strategies.

In the next two chapters, we will take a closer look at the oil that fuels any algorithmic
trading strategy — the market, fundamental, and alternative data sources —using ML.
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Market and Fundamental Data —
Sources and Techniques

Data has always been an essential driver of trading, and traders have long made efforts to
gain an advantage from access to superior information. These efforts date back at least to
the rumors that the House of Rothschild benefited handsomely from bond purchases upon
advance news about the British victory at Waterloo, which was carried by pigeons across
the channel.

Today, investments in faster data access take the shape of the Go West consortium

of leading high-frequency trading (HFT) firms that connects the Chicago Mercantile
Exchange (CME) with Tokyo. The round-trip latency between the CME and the BATS
(Better Alternative Trading System) exchanges in New York has dropped to close to the
theoretical limit of eight milliseconds as traders compete to exploit arbitrage opportunities.
At the same time, regulators and exchanges have started to introduce speed bumps

that slow down trading to limit the adverse effects on competition of uneven access to
information.

Traditionally, investors mostly relied on publicly available market and fundamental data.
Efforts to create or acquire private datasets, for example, through proprietary surveys, were
limited. Conventional strategies focus on equity fundamentals and build financial models
on reported financials, possibly combined with industry or macro data to project earnings
per share and stock prices. Alternatively, they leverage technical analysis to extract signals
from market data using indicators computed from price and volume information.

Machine learning (ML) algorithms promise to exploit market and fundamental data

more efficiently than human-defined rules and heuristics, particularly when combined with
alternative data, which is the topic of the next chapter. We will illustrate how to apply ML
algorithms ranging from linear models to recurrent neural networks (RNNs) to market
and fundamental data and generate tradeable signals.
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This chapter introduces market and fundamental data sources and explains how they
reflect the environment in which they are created. The details of the trading environment
matter not only for the proper interpretation of market data but also for the design and
execution of your strategy and the implementation of realistic backtesting simulations.

We also illustrate how to access and work with trading and financial statement data from
various sources using Python.

In particular, this chapter will cover the following topics:

* How market data reflects the structure of the trading environment
*  Working with trade and quote data at minute frequency

* Reconstructing an order book from tick data using Nasdaq ITCH
* Summarizing tick data using various types of bars

*  Working with eXtensible Business Reporting Language (XBRL)-encoded
electronic filings

* Parsing and combining market and fundamental data to create a price-to-earnings
(P/E) series

* How to access various market and fundamental data sources using Python

additional resources in the corresponding directory of the GitHub
repository. The notebooks include color versions of the images.

C’ You can find the code samples for this chapter and links to
&

Market data reflects its environment

Market data is the product of how traders place orders for a financial instrument directly

or through intermediaries on one of the numerous marketplaces, how they are processed,
and how prices are set by matching demand and supply. As a result, the data reflects

the institutional environment of trading venues, including the rules and regulations that
govern orders, trade execution, and price formation. See Harris (2003) for a global overview
and Jones (2018) for details on the U.S. market.

Algorithmic traders use algorithms, including ML, to analyze the flow of buy and sell
orders and the resulting volume and price statistics to extract trade signals that capture
insights into, for example, demand-supply dynamics or the behavior of certain market
participants.

We will first review institutional features that impact the simulation of a trading strategy
during a backtest before we start working with actual tick data created by one such
environment, namely Nasdagq.

[22]




Chapter 2

Market microstructure — the nuts and bolts

Market microstructure studies how the institutional environment affects the trading
process and shapes outcomes like price discovery, bid-ask spreads and quotes, intraday
trading behavior, and transaction costs (Madhavan 2000; 2002). It is one of the fastest-
growing fields of financial research, propelled by the rapid development of algorithmic and
electronic trading.

Today, hedge funds sponsor in-house analysts to track the rapidly evolving, complex
details and ensure execution at the best possible market prices and design strategies that
exploit market frictions. We will provide only a brief overview of these key concepts before
we dive into the data generated by trading. The references contain several sources that treat
this subject in great detail.

How to trade — different types of orders

Traders can place various types of buy or sell orders. Some orders guarantee immediate
execution, while others may state a price threshold or other conditions that trigger
execution. Orders are typically valid for the same trading day unless specified otherwise.

A market order is intended for immediate execution of the order upon arrival at the trading
venue, at the price that prevails at that moment. In contrast, a limit order only executes if the
market price is higher than the limit for a sell limit order, or lower than the limit for a buy
limit order. A stop order, in turn, only becomes active when the market price rises above a
specified price for a buy stop order, or falls below a specified price for a sell order. A buy
stop order can be used to limit the losses of short sales. Stop orders may also have limits.

Numerous other conditions can be attached to orders. For example, all or none orders
prevent partial execution; they are filled only if a specified number of shares is available
and can be valid for a day or longer. They require special handling and are not visible

to market participants. Fill or kill orders also prevent partial execution but cancel if not
executed immediately. Immediate or cancel orders immediately buy or sell the number of
shares that are available and cancel the remainder. Not-held orders allow the broker to
decide on the time and price of execution. Finally, the market on open/close orders executes
on or near the opening or closing of the market. Partial executions are allowed.
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Where to trade — from exchanges to dark pools

Securities trade in highly organized and regulated exchanges or with varying degrees

of formality in over-the-counter (OTC) markets. An exchange is a central marketplace
where buyers and sellers compete for the lowest ask and highest bid, respectively. Exchange
regulations typically impose listing and reporting requirements to create transparency and
attract more traders and liquidity. OTC markets, such as the Best Market (OTCQX) or the
Venture Market (OTCQB), often have lower regulatory barriers. As a result, they are suitable
for a far broader range of securities, including bonds or American Depositary Receipts
(ADRs; equity listed on a foreign exchange, for example, for Nestl¢, S.A.).

Exchanges may rely on bilateral trading or centralized order-driven systems that match

all buy and sell orders according to certain rules. Many exchanges use intermediaries that
provide liquidity by making markets in certain securities. These intermediaries include
dealers that act as principals on their own behalf and brokers that trade as agents on behalf
of others. Price formation may occur through auctions, such as in the New York Stock
Exchange (NYSE), where the highest bid and lowest offer are matched, or through dealers
who buy from sellers and sell to buyers.

Back in the day, companies either registered and traded mostly on the NYSE, or they traded
on OTC markets like Nasdaq. On the NYSE, a sole specialist intermediated trades of a
given security. The specialist received buy and sell orders via a broker and tracked limit
orders in a central order book. Limit orders were executed with a priority based on price
and time. Buy market orders routed to the specialist transacted with the lowest ask (and
sell market orders routed to the specialist transacted with the highest bid) in the limit order
book, prioritizing earlier limit orders in the case of ties. Access to all orders in the central
order book allowed the specialist to publish the best bid, ask prices, and set market prices
based on the overall buy-sell imbalance.

On Nasdag, multiple market makers facilitated stock trades. Each dealer provided their
best bid and ask price to a central quotation system and stood ready to transact the
specified number of shares at the specified prices. Traders would route their orders to

the market maker with the best quote via their broker. The competition for orders made
execution at fair prices very likely. Market makers ensured a fair and orderly market,
provided liquidity, and disseminated prices like specialists but only had access to the
orders routed to them as opposed to market-wide supply and demand. This fragmentation
could create difficulties in identifying fair value market prices.

Today, trading has fragmented; instead of two principal venues in the US, there are more
than thirteen displayed trading venues, including exchanges and (unregulated) alternative
trading systems (ATSs) such as electronic communication networks (ECNs). Each reports
trades to the consolidated tape, but at different latencies. To make matters more difficult, the
rules of engagement for each venue differ with several different pricing and queuing models.

The following table lists some of the larger global exchanges and the trading volumes for
the 12 months ending 03 /2018 in various asset classes, including derivatives. Typically, a
minority of financial instruments account for most trading:
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Stocks

Exchange Market cap | # Listed Volume/day | # Shares/ | # Options

(USD mn) companies | (USD mn) day ('000) | / day ('000)
NYSE 23,138,626 2,294 78,410 6,122 1,546
Nasdaq — US 10,375,718 2,968 65,026 7,131 2,609
Japan Exchange 6,287,739 | 3,618 28,397 3,361 1
Group Inc.
Shanghai Stock 5,022,691 1,421 34,736 9,801
Exchange
Euronext 4,649,073 1,240 9,410 836 304
Hong Kong Exchanges 4,443,082 2,186 12,031 1,174 516
and Clearing
LSE Group 3,986,413 2,622 10,398 1,011
Shenzhen Stock 3,547,312 2,110 40,244 14,443
Exchange
Deutsche Boerse AG 2,339,092 506 7,825 475
BSE India Limited 2,298,179 5,439 602 1,105
National Stock
Exchange of India 2,273,286 1,952 5,092 10,355
Limited
BATS Global Markets 1243
-US
Chicago Board Options 1811
Exchange
International Securities 1,204
Exchange

The ATSs mentioned previously include dozens of dark pools that allow traders to execute
anonymously. They are estimated to account for 40 percent of all U.S. stock trades in 2017,
compared with an estimated 16 percent in 2010. Dark pools emerged in the 1980s when the
SEC allowed brokers to match buyers and sellers of big blocks of shares. The rise of high-
frequency electronic trading and the 2007 SEC Order Protection rule that intended to spur
competition and cut transaction costs through transparency as part of Regulation National
Market System (Reg NMS) drove the growth of dark pools, as traders aimed to avoid the
visibility of large trades (Mamudi 2017). Reg NMS also established the National Best Bid
and Offer (NBBO) mandate for brokers to route orders to venues that offer the best price.

Some ATSs are called dark pools because they do not broadcast pre-trade data, including
the presence, price, and amount of buy and sell orders as traditional exchanges are required
to do. However, dark pools report information about trades to the Financial Industry
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Regulatory Authority (FINRA) after they occur. As a result, dark pools do not contribute
to the process of price discovery until after trade execution but provide protection against
various HFT strategies outlined in the first chapter.

In the next section, we will see how market data captures trading activity and reflect the
institutional infrastructure in U.S. markets.

Working with high-frequency data

Two categories of market data cover the thousands of companies listed on U.S. exchanges
that are traded under Reg NMS: the consolidated feed combines trade and quote data from
each trading venue, whereas each individual exchange offers proprietary products with
additional activity information for that particular venue.

In this section, we will first present proprietary order flow data provided by Nasdaq

that represents the actual stream of orders, trades, and resulting prices as they occur on

a tick-by-tick basis. Then, we will demonstrate how to regularize this continuous stream

of data that arrives at irregular intervals into bars of a fixed duration. Finally, we will
introduce AlgoSeek's equity minute bar data, which contains consolidated trade and quote
information. In each case, we will illustrate how to work with the data using Python so that
you can leverage these sources for your trading strategy.

How to work with Nasdaq order book data

The primary source of market data is the order book, which updates in real time
throughout the day to reflect all trading activity. Exchanges typically offer this data as a
real-time service for a fee; however, they may provide some historical data for free.

In the United States, stock markets provide quotes in three tiers, namely Level L1, L2, and
L3, that offer increasingly granular information and capabilities:

* Level1 (L1): Real-time bid- and ask-price information, as available from numerous
online sources.

* Level 2 (L2): Adds information about bid and ask prices by specific market makers
as well as the size and time of recent transactions for better insights into the
liquidity of a given equity.

* Level 3 (L3): Adds the ability to enter or change quotes, execute orders, and confirm
trades and is available only to market makers and exchange member firms. Access
to Level 3 quotes permits registered brokers to meet best execution requirements.

The trading activity is reflected in numerous messages about orders sent by market
participants. These messages typically conform to the electronic Financial Information
eXchange (FIX) communications protocol for the real-time exchange of securities
transactions and market data or a native exchange protocol.
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Communicating trades with the FIX protocol

Just like SWIFT is the message protocol for back-office (for example, in trade-settlement)
messaging, the FIX protocol is the de facto messaging standard for communication before
and during trade executions between exchanges, banks, brokers, clearing firms, and other
market participants. Fidelity Investments and Salomon Brothers introduced FIX in 1992

to facilitate the electronic communication between broker-dealers and institutional clients
who, until then, exchanged information over the phone.

It became popular in global equity markets before expanding into foreign exchange, fixed
income and derivatives markets, and further into post-trade to support straight-through
processing. Exchanges provide access to FIX messages as a real-time data feed that is
parsed by algorithmic traders to track market activity and, for example, identify the
footprint of market participants and anticipate their next move.

The sequence of messages allows for the reconstruction of the order book. The scale
of transactions across numerous exchanges creates a large amount (~10 TB) of unstructured
data that is challenging to process and, hence, can be a source of competitive advantage.

The FIX protocol, currently at version 5.0, is a free and open standard with a large
community of affiliated industry professionals. It is self-describing, like the more recent
XML, and a FIX session is supported by the underlying Transmission Control Protocol
(TCP) layer. The community continually adds new functionality.

The protocol supports pipe-separated key-value pairs, as well as a tag-based FIXML
syntax. A sample message that requests a server login would look as follows:

8=FIX.5.0|9=127|35=A|59=theBroker.123456|56=CSERVER|34=1|32=20180117-
08:03:04|57=TRADE | 50=any_string|98=2|108=34|141=Y|553=12345|554=passw@
rd!|10=131|

There are a few open source FIX implementations in Python that can be used to formulate
and parse FIX messages. The service provider Interactive Brokers offers a FIX-based
computer-to-computer interface (CTCI) for automated trading (refer to the resources
section for this chapter in the GitHub repository).

The Nasdaq TotalView-ITCH data feed

While FIX has a dominant market share, exchanges also offer native protocols. Nasdaq
offers a TotalView-ITCH direct data-feed protocol, which allows subscribers to track
individual orders for equity instruments from placement to execution or cancellation.

Historical records of this data flow permit the reconstruction of the order book that keeps
track of the active limit orders for a specific security. The order book reveals the market
depth throughout the day by listing the number of shares being bid or offered at each
price point. It may also identify the market participant responsible for specific buy and sell
orders unless they are placed anonymously. Market depth is a key indicator of liquidity
and the potential price impact of sizable market orders.
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In addition to matching market and limit orders, Nasdaq also operates auctions or crosses
that execute a large number of trades at market opening and closing. Crosses are becoming
more important as passive investing continues to grow and traders look for opportunities
to execute larger blocks of stock. TotalView also disseminates the Net Order Imbalance
Indicator (NOII) for Nasdaq opening and closing crosses and Nasdaq IPO/Halt Cross.

How to parse binary order messages

The ITCH v5.0 specification declares over 20 message types related to system events, stock
characteristics, the placement and modification of limit orders, and trade execution. It also
contains information about the net order imbalance before the open and closing cross.

Nasdagq offers samples of daily binary files for several months. The GitHub repository for
this chapter contains a notebook, parse_itch_order_flow_messages.ipynb, that illustrates
how to download and parse a sample file of ITCH messages. The notebook rebuild_
nasdaq_order_book. ipynb then goes on to reconstruct both the executed trades and the
order book for any given ticker.

The following table shows the frequency of the most common message types for the
sample file date October 30, 2019:

Message type Order book impact Number of messages
A New unattributed limit order 127,214,649

D Order canceled 123,296,742

U Order canceled and replaced 25,513,651

: Fll o putal xcuionposblymliple | .14

X Modified after partial cancellation 3,568,735

F Add attributed order 1,423,908

P Trade message (non-cross) 1,525,363

c Erecud nwole o prtata pricediferent [ 1307

Q Cross trade message 17,775

For each message, the specification lays out the components and their respective length
and data types:

Name Offset Length | Value Notes

Message type | 0 1 S System event message.

Stock locate 1 2 Integer | Always 0.

Tracking 3 2 Integer | Nasdaq internal tracking number.

number

Timestamp 5 6 Integer | The number of nanoseconds since midnight.
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Order The unique reference number assigned to the
reference 11 8 Integer . .
new order at the time of receipt.
number
Buy/sell The type of order being added: B = Buy Order,
indicator 19 1 Alpha and S = Sell Order.
Shares 20 4 Inteer The total number of shares associated with the
& order being added to the book
Stock 24 8 Alpha Stock symbol, right - padded with spaces.
Price The display price of the new order. Refer
Price 32 4 @) to Data Types in the specification for field
processing notes.
I The Nasdaq market participant identifier
Attribution 36 4 Alpha associated with the entered order.

Python provides the struct module to parse binary data using format strings that identify
the message elements by indicating the length and type of the various components of the
byte string as laid out in the specification.

Let's walk through the critical steps required to parse the trading messages and reconstruct
the order book:

1. The ITCH parser relies on the message specifications provided in the file message_
types.x1lsx (refer to the notebook parse_itch_order_flow_messages.ipynb for
details). It assembles format strings according to the formats dictionary:

formats = {

("integer', 2):
('integer', 4):
("integer', 6):
convert later
("integer', 8):
(*alpha', 1)
("alpha', 2)
('alpha', 4)
("alpha', 8)
('price_4', 4):
('price_8', 8):

'H', # int of length 2 => format string 'H'

T

'6s', # int of length 6 => parse as string,

I,
Q'
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2. The parser translates the message specs into format strings and named tuples that
capture the message content:

specs = pd.read_csv('message_types.csv')
specs[ 'formats'] = specs[['value', 'length']].apply(tuple,
axis=1).map(formats)

alpha_fields = specs[specs.value == 'alpha'].set_index('name")
alpha_msgs = alpha_fields.groupby( 'message_type")

alpha_formats = {k: v.to_dict() for k, v in alpha_msgs.formats}
alpha_length = {k: v.add(5).to_dict() for k, v in alpha_msgs.length}

message_fields, fstring = {}, {}
for t, message in specs.groupby( 'message type'):
message_fields[t] = namedtuple(typename=t,
field_names=message.name.tolist())
fstring[t] = '>" + ''.join(message.formats.tolist())

3. Fields of the alpha type require postprocessing, as defined in the format_alpha
function:

def format_alpha(mtype, data):
"""Process byte strings of type alpha

for col in alpha_formats.get(mtype).keys():

if mtype != 'R' and col == "stock':
data = data.drop(col, axis=1)
continue

data.loc[:, col] = (data.loc[:, col]
.str.decode("utf-8")
.str.strip())
if encoding.get(col):
data.loc[:, col] = data.loc[:, col].map(encoding.get(col))
return data

The binary file for a single day contains over 300,000,000 messages that are worth over

9 GB. The script appends the parsed result iteratively to a file in the fast HDF5 format to
avoid memory constraints. (Refer to the Efficient data storage with pandas section later in this
chapter for more information on the HDF5 format.)
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The following (simplified) code processes the binary file and produces the parsed orders
stored by message type:

with (data_path / file_name).open('rb') as data:
while True:
message_size = int.from_bytes(data.read(2), byteorder='big’,
signed=False)
message_type = data.read(l).decode('ascii')
message_type_counter.update([message_type])
record = data.read(message_size - 1)
message = message_fields[message type]._make(
unpack(fstring[message_type], record))

messages[message_type].append(message)

if message_type == 'S':
timestamp = int.from_bytes(message.timestamp,
byteorder="big")
if message.event_code.decode('ascii') == 'C':
store_messages(messages)

break

Summarizing the trading activity for all 8,500 stocks

As expected, a small number of the 8,500-plus securities traded on this day account for
most trades:

with pd.HDFStore(itch_store) as store:
stocks = store['R'].loc[:, ['stock_ locate', 'stock']]
trades = (store['P'].append(
store[ 'Q"'].rename(columns={"'cross_price': 'price'}),
sort=False).merge(stocks))
trades[ ‘'value'] = trades.shares.mul(trades.price)
trades[ 'value_share'] = trades.value.div(trades.value.sum())
trade_summary = (trades.groupby('stock').value_share
.sum().sort_values(ascending=False))
trade_summary.iloc[:50].plot.bar(figsize=(14, 6),
color="darkblue',
title='Share of Traded Value')
f = lambda y, _: "{:.0%}'.format(y)
plt.gca().yaxis.set_major_formatter(FuncFormatter(f))
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Figure 2.1 shows the resulting plot:
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Figure 2.1: The share of traded value of the 50 most traded securities

How to reconstruct all trades and the order book

The parsed messages allow us to rebuild the order flow for the given day. The 'R' message
type contains a listing of all stocks traded during a given day, including information about
initial public offerings (IPOs) and trading restrictions.

Throughout the day, new orders are added, and orders that are executed and canceled are
removed from the order book. The proper accounting for messages that reference orders
placed on a prior date would require tracking the order book over multiple days.

The get_messages () function illustrates how to collect the orders for a single stock that affects
trading. (Refer to the ITCH specification for details about each message.) The code is slightly
simplified; refer to the notebook rebuild_nasdaq_order_book.ipynb for further details:

def get _messages(date, stock=stock):
"""Collect trading messages for given stock
with pd.HDFStore(itch_store) as store:
stock_locate = store.select('R', where='stock =
stock').stock_locate.iloc[9]
target = 'stock_locate = stock_locate’
data = {}

messages = ['A', 'F', 'E', 'C', 'X', 'D', 'U', '"P', 'Q"]
for m in messages:
data[m] = store.select(m,
where=target).drop( 'stock locate', axis=1).assign(type=m)
order_cols = ['order_reference_number', 'buy_sell indicator’,
‘shares', 'price']
orders = pd.concat([data['A'], data['F']], sort=False,
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ignore_index=True).loc[:, order_cols]
for m in messages[2: -3]:
data[m] = data[m].merge(orders, how="left")

data['U'] = data['U"'].merge(orders, how="left",
right_on='order_reference_number',
left_on="original_order_reference_number',
sufixes=["'"', ' replaced'])

data['Q'].rename(columns={"'cross _price': 'price'}, inplace=True)

data[ 'X']['shares'] = data['X"']['cancelled_shares']

data[ 'X'] = data['X'].dropna(subset=['price'])

data = pd.concat([data[m] for m in messages], ignore_index=True,

sort=False)

Reconstructing successful trades — that is, orders that were executed as opposed to those that
were canceled from trade-related message types C, E, P, and Q—is relatively straightforward:

def get_trades(m):
"""Combine C, E, P and Q messages into trading records"""

trade_dict = {'executed_shares': 'shares', 'execution_price': 'price'}
cols = ['timestamp', 'executed_shares']
trades = pd.concat([m.loc[m.type == "E',
cols + ['price']].rename(columns=trade_dict),
m.loc[m.type == 'C',

cols + ['execution_price']]
.rename(columns=trade_dict),
m.loc[m.type == 'P', ['timestamp', 'price’,
‘shares']],
m.loc[m.type == 'Q",
["timestamp', 'price', 'shares']]
.assign(cross=1), 1,
sort=False).dropna(subset=["price']).fillna(0)
return trades.set_index('timestamp’).sort_index().astype(int)

The order book keeps track of limit orders, and the various price levels for buy and sell
orders constitute the depth of the order book. Reconstructing the order book for a given
level of depth requires the following steps:

The add_orders() function accumulates sell orders in ascending order and buy orders in
descending order for a given timestamp up to the desired level of depth:

def add_orders(orders, buysell, nlevels):
new_order = []
items = sorted(orders.copy().items())
if buysell == 1:
items = reversed(items)
for i, (p, s) in enumerate(items, 1):
new_order.append((p, s))
if i == nlevels:
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break
return orders, new_order

We iterate over all ITCH messages and process orders and their replacements as required
by the specification:

for message in messages.itertuples():
i = message[9]
if np.isnan(message.buy sell indicator):
continue
message_counter.update(message.type)
buysell = message.buy_sell indicator
price, shares = None, None
if message.type in ['A"', 'F", 'U']:
price, shares = int(message.price), int(message.shares)
current_orders[buysell].update({price: shares})
current_orders[buysell], new_order =
add_orders(current_orders[buysell], buysell, nlevels)
order_book[buysell][message.timestamp] = new_order
if message.type in ['E', 'C', 'X', 'D', 'U']:
if message.type == 'U':
if not np.isnan(message.shares_replaced):
price = int(message.price_replaced)
shares = -int(message.shares_replaced)
else:
if not np.isnan(message.price):
price = int(message.price)
shares = -int(message.shares)
if price is not None:
current_orders[buysell].update({price: shares})
if current_orders[buysell][price] <= 0:
current_orders[buysell].pop(price)
current_orders[buysell], new_order =
add_orders(current_orders[buysell], buysell, nlevels)
order_book[buysell][message.timestamp] = new_order

Figure 2.2 highlights the depth of liquidity at any given point in time using different
intensities that visualize the number of orders at different price levels. The left panel shows
how the distribution of limit order prices was weighted toward buy orders at higher prices.

The right panel plots the evolution of limit orders and prices throughout the trading day:
the dark line tracks the prices for executed trades during market hours, whereas the red
and blue dots indicate individual limit orders on a per-minute basis (refer to the notebook
for details):
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Limit Order Price Distribution
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Figure 2.2: AAPL market liquidity according to the order book

From ticks to bars — how to regularize market data

The trade data is indexed by nanoseconds, arrives at irregular intervals, and is very noisy.
The bid-ask bounce, for instance, causes the price to oscillate between the bid and ask
prices when trade initiation alternates between buy and sell market orders. To improve the
noise-signal ratio and the statistical properties of the price series, we need to resample and
regularize the tick data by aggregating the trading activity.

We typically collect the open (first), high, low, and closing (last) price and volume (jointly
abbreviated as OHLCV) for the aggregated period, alongside the volume-weighted
average price (VWAP) and the timestamp associated with the data.

Refer to the normalize_tick_data.ipynb notebook in the folder for this chapter on GitHub
for additional details.

The raw material — tick bars

The following code generates a plot of the raw tick price and volume data for AAPL:

stock, date = 'AAPL', '20191030'
title = "{} | {}'.format(stock, pd.to_datetime(date).date()
with pd.HDFStore(itch_store) as store:
sys_events = store['S'].set_index('event_code') # system events
sys_events.timestamp = sys_events.timestamp.add(pd.to_datetime(date)).
dt.time
market_open = sys_events.loc['Q', 'timestamp']
market_close = sys_events.loc['M', 'timestamp’]
with pd.HDFStore(stock_store) as store:
trades = store['{}/trades'.format(stock)].reset_index()
trades = trades[trades.cross == 0] # excluding data from open/close crossings
trades.price = trades.price.mul(le-4) # format price
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trades = trades[trades.cross == 9] # exclude crossing trades

trades = trades.between_time(market_open, market_close) # market hours only
tick_bars = trades.set_index('timestamp")

tick_bars.index = tick_bars.index.time

tick_bars.price.plot(figsize=(10, 5), title=title), 1lw=1)

Figure 2.3 displays the resulting plot:

Tick Bars | AAPL | 2019-10-30

245.0
244.5
244.0
2435
243.0
2425
242.0

2415

09:43:20 11:06:40 12:30 13:53:20 15:16:40
Figure 2.3: Tick bars

The tick returns are far from normally distributed, as evidenced by the low p-value of
scipy.stats.normaltest:

from scipy.stats import normaltest
normaltest(tick_bars.price.pct_change().dropna())
NormaltestResult(statistic=62408.76562431228, pvalue=0.0)

Plain-vanilla denoising — time bars

Time bars involve trade aggregation by period. The following code gets the data for the
time bars:

def get_bar_stats(agg_trades):

vwap = agg trades.apply(lambda x: np.average(x.price,

weights=x.shares)).to_frame('vwap")

ohlc = agg trades.price.ohlc()

vol = agg trades.shares.sum().to_frame('vol")

txn = agg trades.shares.size().to_frame('txn")

return pd.concat([ohlc, vwap, vol, txn], axis=1)
resampled = trades.groupby(pd.Grouper(freq="1Min"))
time_bars = get_bar_stats(resampled)
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We can display the result as a price-volume chart:

def price_volume(df, price='vwap', vol="vol', suptitle=title, fname=None):

fig, axes = plt.subplots(nrows=2, sharex=True, figsize=(15, 8))

axes[0@].plot(df.index, df[price])

axes[1].bar(df.index, df[vol], width=1 / (len(df.index)),
color="r")

xfmt = mpl.dates.DateFormatter('%H:%M")

axes[1].xaxis.set_major_locator(mpl.dates.HourLocator(interval=3))

axes[1].xaxis.set_major_formatter(xfmt)

axes[1].get_xaxis().set_tick_params(which="major', pad=25)

axes[0@].set_title('Price', fontsize=14)

axes[1l].set_title('Volume', fontsize=14)

fig.autofmt_xdate()

fig.suptitle(suptitle)

fig.tight_layout()

plt.subplots_adjust(top=0.9)

price_volume(time_bars)

The preceding code produces Figure 2.4:
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Figure 2.4: Time bars
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Alternatively, we can represent the data as a candlestick chart using the Bokeh
plotting library:

resampled = trades.groupby(pd.Grouper(freq="'5Min"))

df = get_bar_stats(resampled)

increase = df.close > df.open

decrease = df.open > df.close

w=2.5%* 60 * 1000

WIDGETS = "pan, wheel zoom, box_zoom, reset, save"

p = figure(x_axis_type='datetime’, tools=WIDGETS, plot_width=1500,

title = "AAPL Candlestick")

.xaxis.major_label orientation = pi/4

.grid.grid_line_alpha=0.4

.segment(df.index, df.high, df.index, df.low, color="black")

.vbar(df.index[increase], w, df.open[increase], df.close[increase],
fill_color="#D5E1DD", line_color="black")

p.vbar(df.index[decrease], w, df.open[decrease], df.close[decrease],

fill _color="#F2583E", line_color="black")
show(p)

T T T ©

This produces the plot in Figure 2.5:

AAPL Candiestick

Figure 2.5: Bokeh candlestick plot

Accounting for order fragmentation — volume bars

Time bars smooth some of the noise contained in the raw tick data but may fail to account
for the fragmentation of orders. Execution-focused algorithmic trading may aim to match
the volume-weighted average price (VWAP) over a given period. This will divide a single
order into multiple trades and place orders according to historical patterns. Time bars would
treat the same order differently, even though no new information has arrived in the market.
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Volume bars offer an alternative by aggregating trade data according to volume. We can
accomplish this as follows:

min_per_trading day = 60 * 7.5

trades_per_min = trades.shares.sum() / min_per_trading_day
trades[ 'cumul _vol'] = trades.shares.cumsum()

df = trades.reset_index()

by vol = (df.groupby(df.cumul_vol.
div(trades_per_min)
.round().astype(int)))

vol_bars = pd.concat([by_vol.timestamp.last().to_frame( timestamp'),
get_bar_stats(by_vol)], axis=1)
price_volume(vol bars.set_index('timestamp'))

We get the plot in Figure 2.6 for the preceding code:
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Figure 2.6: Volume bars

Accounting for price changes — dollar bars

When asset prices change significantly, or after stock splits, the value of a given amount of
shares changes. Volume bars do not correctly reflect this and can hamper the comparison of
trading behavior for different periods that reflect such changes. In these cases, the volume
bar method should be adjusted to utilize the product of shares and prices to produce

dollar bars.
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The following code shows the computation for dollar bars:

value_per_min = trades.shares.mul(trades.price).sum()/(60*7.5)

trades['cumul val'] = trades.shares.mul(trades.price).cumsum()
df = trades.reset_index()
by value = df.groupby(df.cumul_val.div(value_per_min).round().astype(int))
dollar_bars = pd.concat([by_value.timestamp.last().to_frame('timestamp'),
get _bar_stats(by_value)], axis=1)
price_volume(dollar_bars.set_index('timestamp'),

suptitle=f'Dollar Bars | {stock} | {pd.to_datetime(date).
date()}")

The plot looks quite similar to the volume bar since the price has been fairly stable
throughout the day:
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Figure 2.7: Dollar bars

AlgoSeek minute bars — equity quote and trade data

AlgoSeek provides historical intraday data of the quality previously available only to
institutional investors. The AlgoSeek Equity bars provide very detailed intraday quote
and trade data in a user-friendly format, which is aimed at making it easy to design and
backtest intraday ML-driven strategies. As we will see, the data includes not only OHLCV
information but also information on the bid-ask spread and the number of ticks with up
and down price moves, among others.

AlgoSeek has been so kind as to provide samples of minute bar data for the Nasdaq 100
stocks from 2013-2017 for demonstration purposes and will make a subset of this data
available to readers of this book.
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In this section, we will present the available trade and quote information and show how
to process the raw data. In later chapters, we will demonstrate how you can use this data
for ML-driven intraday strategies.

From the consolidated feed to minute bars

AlgoSeek minute bars are based on data provided by the Securities Information Processor
(SIP), which manages the consolidated feed mentioned at the beginning of this section. You
can view the documentation at https://www.algoseek.com/samples/.

The SIP aggregates the best bid and offers quotes from each exchange, as well as the
resulting trades and prices. Exchanges are prohibited by law from sending their quotes and
trades to direct feeds before sending them to the SIP. Given the fragmented nature of U.S.
equity trading, the consolidated feed provides a convenient snapshot of the current state of
the market.

More importantly, the SIP acts as the benchmark used by regulators to determine the
National Best Bid and Offer (NBBO) according to Reg NMS. The OHLC bar quote prices
are based on the NBBO, and each bid or ask quote price refers to an NBBO price.

Every exchange publishes its top-of-book price and the number of shares available at that
price. The NBBO changes when a published quote improves the NBBO. Bid/ask quotes
persist until there is a change due to trade, price improvement, or the cancelation of the
latest bid or ask. While historical OHLC bars are often based on trades during the bar
period, NBBO bid/ask quotes may be carried forward from the previous bar until there is a
new NBBO event.

AlgoSeek bars cover the whole trading day, from the opening of the first exchange until
the closing of the last exchange. Bars outside regular market hours normally exhibit limited
activity. Trading hours, in Eastern Time, are:

* Premarket: Approximately 04:00:00 (this varies by exchange) to 09:29:59
*  Market: 09:30:00 to 16:00:00
* Extended hours: 16:00:01 to 20:00:00

Quote and trade data fields

The minute bar data contains up to 54 fields. There are eight fields for the open, high, low,
and close elements of the bar, namely:

* The timestamp for the bar and the corresponding trade

* The price and the size for the prevailing bid-ask quote and the relevant trade
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There are also 14 data points with volume information for the bar period:

* The number of shares and corresponding trades

* The trade volumes at or below the bid, between the bid quote and the midpoint, at
the midpoint, between the midpoint and the ask quote, and at or above the ask, as
well as for crosses

* The number of shares traded with upticks or downticks, that is, when the price
rose or fell, as well as when the price did not change, differentiated by the previous
direction of price movement

The AlgoSeek data also contains the number of shares reported to FINRA and processed
internally at broker-dealers, by dark pools, or OTC. These trades represent volume that is
hidden or not publicly available until after the fact.

Finally, the data includes the volume-weighted average price (VWAP) and minimum and
maximum bid-ask spread for the bar period.

How to process AlgoSeek intraday data

In this section, we'll process the AlgoSeek sample data. The data directory on GitHub
contains instructions on how to download that data from AlgoSeek.

The minute bar data comes in four versions: with and without quote information, and with
or without FINRA's reported volume. There is one zipped folder per day, containing one
CSV file per ticker.

The following code example extracts the trade-only minute bar data into daily .parquet files:

directories = [Path(d) for d in ['1min_trades']]
target = directory / 'parquet’
for zipped_file in directory.glob('*/**/*.zip"'):
fname = zipped_file.stem
print('\t', fname)
zf = ZipFile(zipped_file)
files = zf.namelist()
data = (pd.concat([pd.read_csv(zf.open(f),
parse_dates=[[ 'Date’,
'TimeBarStart']])
for f in files],
ignore_index=True)
.rename(columns=lambda x: x.lower())
.rename(columns={"'date_timebarstart': 'date_time'})
.set_index(['ticker', 'date_time']))
data.to_parquet(target / (fname + '.parquet'))
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We can combine the parquet files into a single piece of HDF5 storage as follows, yielding
53.8 million records that consume 3.2 GB of memory and covering 5 years and 100 stocks:

path = Path('1min_trades/parquet')

df = pd.concat([pd.read_parquet(f) for f in path.glob('*.parquet')]).
dropna(how="all", axis=1)

df.columns = ['open', 'high', 'low', 'close', 'trades', 'volume', 'vwap']
df.to_hdf('data.h5', 'Ilmin_trades"')

print(df.info(null_counts=True))

MultiIndex: 53864194 entries, (AAL, 2014-12-22 07:05:00) to (YHOO, 2017-06-16
19:59:00)

Data columns (total 7 columns):

open 53864194 non-null float64
high 53864194 non-null float64
Low 53864194 non-null float64
close 53864194 non-null float64

trades 53864194 non-null int64
volume 53864194 non-null int64
vwap 53852029 non-null float64

We can use plotly to quickly create an interactive candlestick plot for one day of AAPL
data to view in a browser:

idx = pd.IndexSlice
with pd.HDFStore('data.h5') as store:
print(store.info())
df = (store['1min_trades"]
.loc[idx['AAPL', '2017-12-29'], :]
.reset_index())

fig = go.Figure(data=go.0Ohlc(x=df.date_time,
open=df.open,
high=df.high,
low=df.low,
close=df.close))
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Figure 2.8 shows the resulting static image:
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Figure 2.8: Plotly candlestick plot

AlgoSeek also provides adjustment factors to correct pricing and volumes for stock splits,
dividends, and other corporate actions.

APl access to market data

There are several options you can use to access market data via an API using Python.
We will first present a few sources built into the pandas library and the yfinance tool that
facilitates the downloading of end-of-day market data and recent fundamental data from

Yahoo! Finance.

Then we will briefly introduce the trading platform Quantopian, the data provider Quandl,
and the Zipline backtesting library that we will use later in the book, as well as listing
several additional options to access various types of market data. The directory data_
providers on GitHub contains several notebooks that illustrate the usage of these options.

Remote data access using pandas

The pandas library enables access to data displayed on websites using the read_html
function and access to the API endpoints of various data providers through the related
pandas-datareader library.
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Reading HTML tables

Downloading the content of one or more HTML tables, such as for the constituents of the
S&P 500 index from Wikipedia, works as follows:

sp_url = 'https://en.wikipedia.org/wiki/List_of_ S%26P_500_companies'
sp = pd.read_html(sp_url, header=0)[0]

sp.info()

RangeIndex: 505 entries, © to 504
Data columns (total 9 columns):

Symbol 505 non-null object
Security 505 non-null object
SEC filings 505 non-null object
GICS Sector 505 non-null object
GICS Sub Industry 505 non-null object
Headquarters Location 505 non-null object
Date first added 408 non-null object
CIK 505 non-null inté64
Founded 234 non-null object

pandas-datareader for market data

pandas used to facilitate access to data provider APIs directly, but this functionality has
moved to the pandas-datareader library (refer to the README for links to the documentation).

The stability of the APIs varies with provider policies and continues to change. Please
consult the documentation for up-to-date information. As of December 2019, at version
0.8.1, the following sources are available:

Source Scope Comment
. Historical end-of-day prices on equities, Free registration for the
Tiingo API key. Free accounts can
mutual funds, and ETF.
access only 500 symbols.
Investor Historical stock prices are available if traded Requires an API key from
Exchange (IEX) on IEX. IEX Cloud Console.
Historical equity data for daily, weekly, and
monthly frequencies, 20+ years, and the past
Alpha Vantage 3-5 days of intraday data. It also has FOREX
and sector performance data.
Quandl Free data sources as listed on their website.
Used in Chapter 7, Linear
Fama/French Risk factor portfolio returns. Models - From Risk Factors to
Return Forecasts.
TSP Fund Data Mutual fund prices.
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Nasdaq Latest metadata on traded tickers.
Stooq Index Some equity indices are not available from
Data elsewhere due to licensing issues.
MOEX Moscow Exchange historical data.

The access and retrieval of data follow a similar API for all sources, as illustrated for
Yahoo! Finance:

import pandas_datareader.data as web

from datetime import datetime

start = '2014"'

end = datetime(2017, 5, 24)

yahoo= web.DataReader('FB', 'yahoo', start=start, end=end)
yahoo.info()

DatetimeIndex: 856 entries, 2014-01-02 to 2017-05-25

Data columns (total 6 columns):

High 856 non-null float64
Low 856 non-null float64
Open 856 non-null float64
Close 856 non-null float64
Volume 856 non-null int64

Adj Close 856 non-null float64
dtypes: float64(5), int64(1)

yfinance — scraping data from Yahoo! Finance

yfinance aims to provide a reliable and fast way to download historical market data
from Yahoo! Finance. The library was originally named fix-yahoo-finance. The usage of
this library is very straightforward; the notebook yfinance_demo illustrates the library's
capabilities.

How to download end-of-day and intraday prices

The Ticker object permits the downloading of various data points scraped from Yahoo's
website:

import yfinance as yf
symbol = "MSFT'
ticker = yf.Ticker(symbol)

The .history method obtains historical prices for various periods, from one day to the
maximum available, and at different frequencies, whereas intraday is only available for
the last several days. To download adjusted OHLCV data at a one-minute frequency and
corporate actions, use:
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data = ticker.history(period="5d",
interval="1m",
actions=True,
auto_adjust=True)
data.info()
DatetimeIndex: 1747 entries, 2019-11-22 09:30:00-05:00 to 2019-11-29
13:00:00-05:00
Data columns (total 7 columns):

Open 1747 non-null float64
High 1747 non-null float64
Low 1747 non-null float64
Close 1747 non-null float64
Volume 1747 non-null int64
Dividends 1747 non-null int64

Stock Splits 1747 non-null int64

The notebook also illustrates how to access quarterly and annual financial statements,
sustainability scores, analyst recommendations, and upcoming earnings dates.

How to download the option chain and prices

yfinance also provides access to the option expiration dates and prices and other
information for various contracts. Using the ticker instance from the previous example,
we get the expiration dates using:

ticker.options
('2019-12-05"', '2019-12-12', '2019-12-19',..)

For any of these dates, we can access the option chain and view details for the various
put/call contracts as follows:

options = ticker.option_chain('2019-12-05")
options.calls.info()
Data columns (total 14 columns):

contractSymbol 35 non-null object
lastTradeDate 35 non-null datetime64[ns]
strike 35 non-null float64
lastPrice 35 non-null float64
bid 35 non-null float64
ask 35 non-null float64
change 35 non-null float64
percentChange 35 non-null float64
volume 34 non-null float64
openInterest 35 non-null int64
impliedVolatility 35 non-null float64
inTheMoney 35 non-null bool
contractSize 35 non-null object
currency 35 non-null object
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The library also permits the use of proxy servers to prevent rate limiting and facilitates
the bulk downloading of multiple tickers. The notebook demonstrates the usage of these
features as well.

Quantopian

Quantopian is an investment firm that offers a research platform to crowd-source trading
algorithms. Registration is free, and members can research trading ideas using a broad
variety of data sources. It also offers an environment to backtest the algorithm against
historical data, as well as to forward-test it out of sample with live data. It awards
investment allocations for top-performing algorithms whose authors are entitled to a 10
percent (at the time of writing) profit share.

The Quantopian research platform consists of a Jupyter Notebook environment for
research and development for alpha-factor research and performance analysis. There is
also an interactive development environment (IDE) for coding algorithmic strategies
and backtesting the result using historical data since 2002 with minute-bar frequency.

Users can also simulate algorithms with live data, which is known as paper trading.
Quantopian provides various market datasets, including U.S. equity and futures price and
volume data at a one-minute frequency, and U.S. equity corporate fundamentals, and it
also integrates numerous alternative datasets.

We will dive into the Quantopian platform in much more detail in Chapter 4, Financial
Feature Engineering — How to Research Alpha Factors, and rely on its functionality throughout
the book, so feel free to open an account right away. (Refer to the GitHub repository for
more details.)

Zipline
Zipline is the algorithmic trading library that powers the Quantopian backtesting and live-
trading platform. It is also available offline to develop a strategy using a limited number

of free data bundles that can be ingested and used to test the performance of trading ideas
before porting the result to the online Quantopian platform for paper and live trading.

Zipline requires a custom environment — view the instructions at the beginning of the
notebook zipline_data_demo.ipynb The following code illustrates how Zipline permits
us to access daily stock data for a range of companies. You can run Zipline scripts in the
Jupyter Notebook using the magic function of the same name.

First, you need to initialize the context with the desired security symbols. We'll also use
a counter variable. Then, Zipline calls handle_data, where we use the data.history()
method to look back a single period and append the data for the last day to a .csv file:
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%load_ext zipline
%%zipline --start 2010-1-1 --end 2018-1-1 --data-frequency daily
from zipline.api import order_target, record, symbol
def initialize(context):
context.i = ©
context.assets = [symbol('FB"'), symbol('GO0OG"'), symbol('AMZN")]

def handle_data(context, data):
df = data.history(context.assets, fields=["'price', 'volume'],
bar_count=1, frequency="1d")
df = df.to_frame().reset_index()

if context.i ==
df.columns = ['date', ‘'asset', 'price', 'volume']
df.to_csv('stock data.csv', index=False)
else:
df.to_csv('stock data.csv', index=False, mode='a', header=None)
context.i += 1
df = pd.read_csv('stock data.csv")
df.date = pd.to_datetime(df.date)
df.set_index('date').groupby('asset').price.plot(lw=2, legend=True,
figsize=(14, 6));

We get the following plot for the preceding code:
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Figure 2.9: Zipline data access

We will explore the capabilities of Zipline, and especially the online Quantopian platform,
in more detail in the coming chapters.
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Quandl

Quandl provides a broad range of data sources, both free and as a subscription, using a
Python APIL Register and obtain a free API key to make more than 50 calls per day. Quandl
data covers multiple asset classes beyond equities and includes FX, fixed income, indexes,
futures and options, and commodities.

API usage is straightforward, well-documented, and flexible, with numerous
methods beyond single-series downloads, for example, including bulk downloads or
metadata searches.

The following call obtains oil prices from 1986 onward, as quoted by the U.S. Department
of Energy:

import quandl
0il = quandl.get('EIA/PET_RWTC_D").squeeze()
oil.plot(lw=2, title="WTI Crude 0il Price')

We get this plot for the preceding code:
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Figure 2.10: Quandl oil price example

Other market data providers

A broad variety of providers offer market data for various asset classes. Examples in
relevant categories include:

* Exchanges derive a growing share of their revenues from an ever-broader range of
data services, typically using a subscription.

* Bloomberg and Thomson Reuters have long been the leading data aggregators
with a combined share of over 55 percent in the $28.5 billion financial data market.
Smaller rivals, such as FactSet, are growing or emerging, such as money.net,
Quandl, Trading Economics, and Barchart.

* Specialist data providers abound. One example is LOBSTER, which aggregates
Nasdaq order-book data in real time.
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* Free data providers include Alpha Vantage, which offers Python APIs for real-time
equity, FX, and cryptocurrency market data, as well as technical indicators.

* Crowd-sourced investment firms that provide research platforms with data access
include, in addition to Quantopian, Alpha Trading Labs, launched in March 2018,
which provides HFT infrastructure and data.

How to work with fundamental data

Fundamental data pertains to the economic drivers that determine the value of securities.
The nature of the data depends on the asset class:

* For equities and corporate credit, it includes corporate financials, as well as
industry and economy-wide data.

* For government bonds, it includes international macro data and foreign exchange.

* For commodities, it includes asset-specific supply-and-demand determinants, such
as weather data for crops.

We will focus on equity fundamentals for the U.S., where data is easier to access. There are
some 13,000+ public companies worldwide that generate 2 million pages of annual reports
and more than 30,000 hours of earnings calls. In algorithmic trading, fundamental data
and features engineered from this data may be used to derive trading signals directly, for
example, as value indicators, and are an essential input for predictive models, including
ML models.

Financial statement data

The Securities and Exchange Commission (SEC) requires U.S. issuers — that is, listed
companies and securities, including mutual funds — to file three quarterly financial
statements (Form 10-Q) and one annual report (Form 10-K), in addition to various other
regulatory filing requirements.

Since the early 1990s, the SEC made these filings available through its Electronic Data
Gathering, Analysis, and Retrieval (EDGAR) system. They constitute the primary data
source for the fundamental analysis of equity and other securities, such as corporate credit,
where the value depends on the business prospects and financial health of the issuer.

Automated processing — XBRL

Automated analysis of regulatory filings has become much easier since the SEC introduced
XBRL, which is a free, open, and global standard for the electronic representation and
exchange of business reports. XBRL is based on XML, it relies on taxonomies that define
the meaning of the elements of a report and map to tags that highlight the corresponding
information in the electronic version of the report. One such taxonomy represents the U.S.
Generally Accepted Accounting Principles (GAAP).

The SEC introduced voluntary XBRL filings in 2005 in response to accounting scandals
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before requiring this format for all filers as of 2009, and it continues to expand the
mandatory coverage to other regulatory filings. The SEC maintains a website that lists the
current taxonomies that shape the content of different filings and can be used to extract
specific items.

The following datasets provide information extracted from EX-101 attachments submitted
to the commission in a flattened data format to assist users in consuming data for analysis.
The data reflects selected information from the XBRL-tagged financial statements. It
currently includes numeric data from the quarterly and annual financial statements, as well
as certain additional fields, for example, Standard Industrial Classification (SIC).

There are several avenues to track and access fundamental data reported to the SEC:

* As part of the EDGAR Public Dissemination Service (PDS), electronic feeds of
accepted filings are available for a fee.

* The SEC updates the RSS feeds, which list the structured disclosure submissions,
every 10 minutes.

* There are public index files for the retrieval of all filings through FTP for automated
processing.

* The financial statement (and notes) datasets contain parsed XBRL data from all
financial statements and the accompanying notes.

The SEC also publishes log files containing the internet search traffic for EDGAR filings
through SEC.gov, albeit with a six month delay.

Building a fundamental data time series

The scope of the data in the financial statement and notes datasets consists of numeric data
extracted from the primary financial statements (balance sheet, income statement, cash
flows, changes in equity, and comprehensive income) and footnotes on those statements.
The available data is from as early as 2009.

Extracting the financial statements and notes dataset

The following code downloads and extracts all historical filings contained in the financial
statement and notes (FSN) datasets for the given range of quarters (refer to edgar_xbrl.
ipynb for additional details):
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SEC_URL = 'https://www.sec.gov/files/dera/data/financial-statement-and-notes-
data-sets/'

first_year, this_year, this_quarter = 2014, 2018, 3
past_years = range(2014, this_year)
filing_periods = [(y, q) for y in past_years for q in range(1, 5)]
filing_periods.extend([(this_year, q) for g in range(1, this_quarter +
nh
for i, (yr, qtr) in enumerate(filing periods, 1):
filing = f'{yr}q{qtr}_notes.zip'
path = data_path / f'{yr}_{qtr}"' / 'source’
response = requests.get(SEC_URL + filing).content
with ZipFile(BytesIO(response)) as zip_file:
for file in zip_file.namelist():
local_file = path / file
with local_file.open('wb") as output:
for line in zip_file.open(file).readlines():
output.write(line)

The data is fairly large, and to enable faster access than the original text files permit, it is
better to convert the text files into a binary, Parquet columnar format (refer to the Efficient
data storage with pandas section later in this chapter for a performance comparison of various
data-storage options that are compatible with pandas DataFrames):

for f in data_path.glob('**/*.tsv"):
file_name = f.stem + '.parquet’
path = Path(f.parents[1]) / 'parquet’
df = pd.read_csv(f, sep="\t', encoding="latinl', low_memory=False)
df.to_parquet(path / file_name)

For each quarter, the FSN data is organized into eight file sets that contain information
about submissions, numbers, taxonomy tags, presentation, and more. Each dataset consists
of rows and fields and is provided as a tab-delimited text file:

File | Dataset Description

SUB Submission Identifies each XBRL submission by company, form, date, and so on
TAG Tag Defines and explains each taxonomy tag

DIM Dimension Adds detail to numeric and plain text data

NUM Numeric One row for each distinct data point in filing

TXT Plain text Contains all non-numeric XBRL fields

REN | Rendering Information for rendering on the SEC website

PRE Presentation Details of tag and number presentation in primary statements

CAL Calculation Shows the arithmetic relationships among tags
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Retrieving all quarterly Apple filings

The submission dataset contains the unique identifiers required to retrieve the filings: the
Central Index Key (CIK) and the Accession Number (adsh). The following shows some
of the information about Apple's 2018Q1 10-Q filing;:

apple = sub[sub.name == "APPLE INC'].T.dropna().squeeze()

key cols = ['name', 'adsh', 'cik', 'name', 'sic', 'countryba',
'stprba', 'cityba', 'zipba', 'basl', 'form', ‘'period’,
"fy', 'fp', 'filed']

apple.loc[key cols]

name APPLE INC

adsh 0000320193-18-000070
cik 320193

name APPLE INC

sic 3571

countryba us

stprba CA

cityba CUPERTINO

zipba 95014

basl ONE APPLE PARK WAY
form 10-Q

period 20180331

fy 2018

fp Q2

filed 20180502

Using the CIK, we can identify all of the historical quarterly filings available for Apple and
combine this information to obtain 26 10-Q forms and 9 annual 10-K forms:

aapl_subs = pd.DataFrame()
for sub in data_path.glob('**/sub.parquet'):
sub = pd.read_parquet(sub)
aapl sub = sub[(sub.cik.astype(int) == apple.cik) &
(sub.form.isin(['10-Q", "10-K']))]
aapl subs = pd.concat([aapl_subs, aapl sub])
aapl_subs.form.value_counts()
10-Q 15
10-K 4

With the accession number for each filing, we can now rely on the taxonomies to select
the appropriate XBRL tags (listed in the TAG file) from the NUM and TXT files to obtain the
numerical or textual/footnote data points of interest.
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First, let's extract all of the numerical data that is available from the 19 Apple filings:

aapl _nums = pd.DataFrame()
for num in data_path.glob('**/num.parquet’):
num = pd.read_parquet(num).drop('dimh', axis=1)
aapl_num = num[num.adsh.isin(aapl_subs.adsh)]
aapl_nums = pd.concat([aapl_nums, aapl _num])
aapl_nums.ddate = pd.to_datetime(aapl_nums.ddate, format='%Y%m%d")
aapl_nums.shape
(28281, 16)

Building a price/earnings time series

In total, the 9 years of filing history provide us with over 28,000 numerical values. We can
select a useful field, such as earnings per diluted share (EPS), that we can combine with
market data to calculate the popular price-to-earnings (P/E) valuation ratio.

We do need to take into account, however, that Apple split its stock by 7:1 on June 4, 2014,
and adjust the earnings per share values before the split to make the earnings comparable
to the price data, which, in its adjusted form, accounts for these changes. The following code
block shows you how to adjust the earnings data:

field = 'EarningsPerShareDiluted'’
stock_split = 7
split_date = pd.to_datetime('20140604")

eps = aapl_nums[(aapl_nums.tag == 'EarningsPerShareDiluted")
& (aapl_nums.qtrs == 1)].drop('tag', axis=1)
eps = eps.groupby('adsh').apply(lambda x: x.nlargest(n=1, columns=[‘'ddate']))

eps.loc[eps.ddate < split_date, 'value'] = eps.loc[eps.ddate <
split_date, 'value'].div(7)
eps[['ddate’', 'value']].set_index('ddate').squeeze()

eps

eps.rolling(4, min_periods=4).sum().dropna()

eps
We can use Quandl to obtain Apple stock price data since 2009:

import pandas_datareader.data as web

symbol = 'AAPL.US'

aapl stock = web.DataReader(symbol, 'quandl', start=eps.index.min())
aapl_stock = aapl_stock.resample('D").last()
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Now we have the data to compute the trailing 12-month P/E ratio for the entire period:

pe = aapl_stock.AdjClose.to_frame('price’).join(eps.to_frame('eps"'))

pe = pe.fillna(method="fill").dropna()

pe[ 'P/E Ratio'] = pe.price.div(pe.eps)

axes = pe.plot(subplots=True, figsize=(16,8), legend=False, lw=2);
We get the following plot from the preceding code:
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Figure 2.11: Trailing P/E ratio from EDGAR filings

Other fundamental data sources

There are numerous other sources for fundamental data. Many are accessible using the
pandas_datareader module that was introduced earlier. Additional data is available from
certain organizations directly, such as the IMF, the World Bank, or major national statistical
agencies around the world (refer to the references section on GitHub).

pandas-datareader — macro and industry data

The pandas-datareader library facilitates access according to the conventions introduced
at the end of the preceding section on market data. It covers APIs for numerous global
fundamental macro- and industry-data sources, including the following:

* Kenneth French's data library: Market data on portfolios capturing returns on key
risk factors like size, value, and momentum factors, disaggregated by industry
(refer to Chapter 4, Financial Feature Engineering - How to Research Alpha Factors)

* St. Louis FED (FRED): Federal Reserve data on the U.S. economy and financial markets

*  World Bank: Global database on long-term, lower-frequency economic and social
development and demographics
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¢ OECD: Similar to the World Bank data for OECD countries
* Enigma: Various datasets, including alternative sources

* Eurostat: EU-focused economic, social, and demographic data

Efficient data storage with pandas

We'll be using many different datasets in this book, and it's worth comparing the main
formats for efficiency and performance. In particular, we'll compare the following:

* CSV: Comma-separated, standard flat text file format.

* HDF5: Hierarchical data format, developed initially at the National Center for
Supercomputing Applications. It is a fast and scalable storage format for numerical
data, available in pandas using the PyTables library.

* Parquet: Part of the Apache Hadoop ecosystem, a binary, columnar storage format
that provides efficient data compression and encoding and has been developed by
Cloudera and Twitter. It is available for pandas through the pyarrow library, led by
Wes McKinney, the original author of pandas.

The storage_benchmark. ipynb notebook compares the performance of the preceding
libraries using a test DataFrame that can be configured to contain numerical or text data,
or both. For the HDEF5 library, we test both the fixed and table formats. The table format
allows for queries and can be appended to.

The following charts illustrate the read and write performance for 100,000 rows with either
1,000 columns of random floats and 1,000 columns of a random 10-character string, or just
2,000 float columns (on a log scale):
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Figure 2.12: Storage benchmarks

The left panel shows that, for purely numerical data, the HDF5 format performs best by
far, and the table format also shares with CSV the smallest memory footprint at 1.6 GB. The
fixed format uses twice as much space, while the parquet format uses 2 GB.
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For a mix of numerical and text data, Parquet is the best choice for read and write
operations. HDF5 has an advantage with read in relation to CSV, but it is slower with write
because it pickles text data.

The notebook illustrates how to configure, test, and collect the timing using the %%timeit
cell magic and, at the same time, demonstrates the usage of the related pandas commands
that are required to use these storage formats.

Summary

This chapter introduced the market and fundamental data sources that form the backbone
of most trading strategies. You learned about the various ways to access this data and how
to preprocess the raw information so that you can begin extracting trading signals using the
ML techniques that we will be introducing shortly.

In the next chapter, before moving on to the design and evaluation of trading strategies and
the use of ML models, we need to cover alternative datasets that have emerged in recent
years and have been a significant driver of the popularity of ML for algorithmic trading.
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Categories and Use Cases

The previous chapter covered working with market and fundamental data, which have
been the traditional drivers of trading strategies. In this chapter, we'll fast-forward to

the recent emergence of a broad range of much more diverse data sources as fuel for
discretionary and algorithmic strategies. Their heterogeneity and novelty have inspired the
label of alternative data and created a rapidly growing provider and service industry.

Behind this trend is a familiar story: propelled by the explosive growth of the internet

and mobile networks, digital data continues to grow exponentially amid advances in the
technology to process, store, and analyze new data sources. The exponential growth in the
availability of and ability to manage more diverse digital data, in turn, has been a critical
force behind the dramatic performance improvements of machine learning (ML) that are
driving innovation across industries, including the investment industry.

The scale of the data revolution is extraordinary: the past 2 years alone have witnessed the
creation of 90 percent of all data that exists in the world today, and by 2020, each of the 7.7
billion people worldwide is expected to produce 1.7 MB of new information every second

of every day. On the other hand, back in 2012, only 0.5 percent of all data was ever analyzed
and used, whereas 33 percent is deemed to have value by 2020. The gap between data
availability and usage is likely to narrow quickly as global investments in analytics are set to
rise beyond $210 billion by 2020, while the value creation potential is a multiple higher.

This chapter explains how individuals, business processes, and sensors produce alternative
data. It also provides a framework to navigate and evaluate the proliferating supply of
alternative data for investment purposes. It demonstrates the workflow, from acquisition to
preprocessing and storage, using Python for data obtained through web scraping to set the
stage for the application of ML. It concludes by providing examples of sources, providers,
and applications.
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This chapter will cover the following topics:

Which new sources of information have been unleashed by the alternative data
revolution

How individuals, business processes, and sensors generate alternative data
Evaluating the burgeoning supply of alternative data used for algorithmic trading
Working with alternative data in Python, such as by scraping the internet

Important categories and providers of alternative data

resources in the corresponding directory of the GitHub repository. The
notebooks include color versions of the images.

C’ You can find the code samples for this chapter and links to additional
\”’/

The alternative data revolution

The data deluge driven by digitization, networking, and plummeting storage costs has
led to profound qualitative changes in the nature of information available for predictive
analytics, often summarized by the five Vs:

Volume: The amount of data generated, collected, and stored is orders of
magnitude larger as the byproduct of online and offline activity, transactions,
records, and other sources. Volumes continue to grow with the capacity for analysis
and storage.

Velocity: Data is generated, transferred, and processed to become available near,
or at, real-time speed.

Variety: Data is organized in formats no longer limited to structured, tabular forms,
such as CSV files or relational database tables. Instead, new sources produce semi-
structured formats, such as JSON or HTML, and unstructured content, including
raw text, "images'"? and audio or video data, adding new challenges to render data
suitable for ML algorithms.

Veracity: The diversity of sources and formats makes it much more difficult to
validate the reliability of the data's information content.

Value: Determining the value of new datasets can be much more time- and
resource-consuming, as well as more uncertain than before.

For algorithmic trading, new data sources offer an informational advantage if they provide
access to information unavailable from traditional sources or provide access sooner.
Following global trends, the investment industry is rapidly expanding beyond market

and fundamental data to alternative sources to reap alpha through an informational edge.
Annual spending on data, technological capabilities, and related talent is expected to
increase from the current $3 billion by 12.8 percent annually through 2020.
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Today, investors can access macro or company-specific data in real time that, historically,
has been available only at a much lower frequency. Use cases for new data sources include
the following:

* Online price data on a representative set of goods and services can be used to
measure inflation.

* The number of store visits or purchases permits real-time estimates of company -
or industry-specific sales or economic activity.

* Satellite images can reveal agricultural yields, or activity at mines or on oil rigs
before this information is available elsewhere.

As the standardization and adoption of big datasets advances, the information contained in
conventional data will likely lose most of its predictive value.

Furthermore, the capability to process and integrate diverse datasets and apply ML allows
for complex insights. In the past, quantitative approaches relied on simple heuristics to
rank companies using historical data for metrics such as the price-to-book ratio, whereas
ML algorithms synthesize new metrics and learn and adapt such rules while taking into
account evolving market data. These insights create new opportunities to capture classic
investment themes such as value, momentum, quality, and sentiment:

*  Momentum: ML can identify asset exposures to market price movements, industry
sentiment, or economic factors.

* Value: Algorithms can analyze large amounts of economic and industry-specific
structured and unstructured data, beyond financial statements, to predict the
intrinsic value of a company.

* Quality: The sophisticated analysis of integrated data allows for the evaluation
of customer or employee reviews, e-commerce, or app traffic to identify gains in
market share or other underlying earnings quality drivers.

* Sentiment: The real-time processing and interpretation of news and social media
content permits ML algorithms to both rapidly detect emerging sentiment and
synthesize information from diverse sources into a more coherent big picture.

In practice, however, data containing valuable signals is often not freely available and is
typically produced for purposes other than trading. As a result, alternative datasets require
thorough evaluation, costly acquisition, careful management, and sophisticated analysis to
extract tradable signals.
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Sources of alternative data

Alternative datasets are generated by many sources but can be classified at a high level as
predominantly produced by:

* Individuals who post on social media, review products, or use search engines

* Businesses that record commercial transactions (in particular, credit card
payments) or capture supply-chain activity as intermediaries

* Sensors that, among many other things, capture economic activity through images
from satellites or security cameras, or through movement patterns such as cell
phone towers

The nature of alternative data continues to evolve rapidly as new data sources become
available and sources previously labeled "alternative" become part of the mainstream.
The Baltic Dry Index (BDI), for instance, assembles data from several hundred shipping
companies to approximate the supply/demand of dry bulk carriers and is now available
on the Bloomberg Terminal.

Alternative data includes raw data as well as data that is aggregated or has been processed
in some form to add value. For instance, some providers aim to extract tradeable signals,
such as sentiment scores. We will address the various types of providers in Chapter 4,
Financial Feature Engineering — How to Research Alpha Factors.

Alternative data sources differ in crucial respects that determine their value or signal
content for algorithmic trading strategies. We will address these aspects in the next section
after looking at the main sources in this one.

Individuals

Individuals automatically create electronic data through online activities, as well as through
their offline activity as the latter is captured electronically and often linked to online
identities. Data generated by individuals is frequently unstructured in text, image, or video
formats, disseminated through multiple platforms, and includes:

* Social media posts, such as opinions or reactions on general-purpose sites such as
Twitter, Facebook, or LinkedIn, or business-review sites such as Glassdoor or Yelp

* E-commerce activity that reflects an interest in or the perception of products on sites
like Amazon or Wayfair

* Search engine activity using platforms such as Google or Bing
* Mobile app usage, downloads, and reviews

* Personal data such as messaging traffic
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The analysis of social media sentiment has become very popular because it can be applied
to individual stocks, industry baskets, or market indices. The most common source is
Twitter, followed by various news vendors and blog sites. Supply is competitive, and prices
are lower because it is often obtained through increasingly commoditized web scraping.
Reliable social media datasets that include blogs, tweets, or videos have typically less than
5 years of history, given how recently consumers have adopted these tools at scale. Search
history, in contrast, is available from 2004.

Business processes

Businesses and public entities produce and collect many valuable sources of alternative
data. Data that results from business processes often has more structure than that generated
by individuals. It is very effective as a leading indicator for activity that is otherwise
available at a much lower frequency.

Data generated by business processes includes:

* Payment card transaction data possibly available for purchase from processors and
financial institutions

* Company exhaust data produced by ordinary digitized activity or record-keeping,
such as banking records, cashier scanner data, or supply chain orders

¢ Trade flow and market microstructure data (such as L2 and L3 order book data,
illustrated by the NASDAQ ITCH tick data example in Chapter 2, Market and
Fundamental Data - Sources and Techniques)

* Company payments monitored by credit rating agencies or financial institutions
to assess liquidity and creditworthiness

Credit card transactions and company exhaust data, such as point-of-sale data, are among
the most reliable and predictive datasets. Credit card data is available with around 10
years of history and, at different lags, almost up to real time, while corporate earnings are
reported quarterly with a 2.5-week lag. The time horizon and reporting lag for company
exhaust data varies widely, depending on the source. Market microstructure datasets have
over 15 years of history compared to sell-side flow data, which typically has fewer than 5
years of consistent history.

Sensors

Networked sensors embedded in a broad range of devices are among the most rapidly
growing data sources, driven by the proliferation of smartphones and the reduction in the
cost of satellite technologies.
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This category of alternative data is typically very unstructured and often significantly larger
in volume than data generated by individuals or business processes, and it poses much
tougher processing challenges. Key alternative data sources in this category include:

» Gatellite imaging to monitor economic activity, such as construction, shipping, or
commodity supply

* Geolocation data to track traffic in retail stores, such as using volunteered
smartphone data, or on transport routes, such as on ships or trucks

* Cameras positioned at a location of interest

*  Weather and pollution sensors

The Internet of Things (IoT) will further accelerate the large-scale collection of this type of
alternative data by embedding networked microprocessors into personal and commercial
electronic devices, such as home appliances, public spaces, and industrial production
processes.

Sensor-based alternative data that contains satellite images, mobile app usage, or cellular-
location tracking is typically available with a 3- to 4-year history.

Satellites

The resources and timelines required to launch a geospatial imaging satellite have dropped
dramatically; instead of tens of millions of dollars and years of preparation, the cost has
fallen to around $100,000 to place a small satellite as a secondary payload into a low Earth
orbit. Hence, companies can obtain much higher-frequency coverage (currently about daily)
of specific locations using entire fleets of satellites.

Use cases include monitoring economic activity that can be captured using aerial coverage,
such as agricultural and mineral production and shipments, or the construction of
commercial or residential buildings or ships; industrial incidents, such as fires; or car and
foot traffic at locations of interest. Related sensor data is contributed by drones that are
used in agriculture to monitor crops using infrared light.

Several challenges often need to be addressed before satellite image data can be reliably
used in ML models. In addition to substantial preprocessing, these include accounting for
weather conditions such as cloud cover and seasonal effects around holidays. Satellites may
also offer only irregular coverage of specific locations that could affect the quality of the
predictive signals.

Geolocation data

Geolocation data is another rapidly growing category of alternative data generated by
sensors. A familiar source is smartphones, with which individuals voluntarily share their
geographic location through an application, or from wireless signals such as GPS, CDMA,
or Wi-Fi that measure foot traffic around places of interest, such as stores, restaurants, or
event venues.
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Furthermore, an increasing number of airports, shopping malls, and retail stores have
installed sensors that track the number and movements of customers. While the original
motivation to deploy these sensors was often to measure the impact of marketing activity,
the resulting data can also be used to estimate foot traffic or sales. Sensors to capture
geolocation data include 3D stereo video and thermal imaging, which lowers privacy
concerns but works well with moving objects. There are also sensors attached to ceilings,

as well as pressure-sensitive mats. Some providers use multiple sensors in combination,
including vision, audio, and cellphone location, for a comprehensive account of the shopper
journey, which includes not only the count and duration of visits, but extends to the
conversion and measurement of repeat visits.

Criteria for evaluating alternative data

The ultimate objective of alternative data is to provide an informational advantage in the
competitive search for trading signals that produce alpha, namely positive, uncorrelated
investment returns. In practice, the signals extracted from alternative datasets can be
used on a standalone basis or combined with other signals as part of a quantitative
strategy. Independent usage is viable if the Sharpe ratio generated by a strategy based on
a single dataset is sufficiently high, but that is rare in practice. (See Chapter 4, Financial
Feature Engineering — How to Research Alpha Factors, for details on signal measurement and
evaluation.)

Quant firms are building libraries of alpha factors that may be weak signals individually
but can produce attractive returns in combination. As highlighted in Chapter I, Machine
Learning for Trading — From Idea to Execution, investment factors should be based on

a fundamental and economic rationale; otherwise, they are more likely the result of
overfitting to historical data than persisting and generating alpha on new data.

Signal decay due to competition is a serious concern, and as the alternative data ecosystem
evolves, it is unlikely that many datasets will retain meaningful Sharpe ratio signals.
Effective strategies to extend the half-life of the signal content of an alternative dataset
include exclusivity agreements, or a focus on datasets that pose processing challenges to
raise the barriers to entry.

An alternative dataset can be evaluated based on the quality of its signal content,
qualitative aspects of the data, and various technical aspects.

Quality of the signal content

The signal content can be evaluated with respect to the target asset class, the investment
style, the relation to conventional risk premiums, and most importantly, its alpha content.
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Asset classes

Most alternative datasets contain information directly relevant to equities and commodities.
Interesting datasets targeting investments in real estate have also multiplied after Zillow
successfully pioneered price estimates in 2006.

Alternative data on corporate credit is growing as alternative sources for monitoring
corporate payments, including for smaller businesses, are being developed. Data on fixed
income and around interest-rate projections is a more recent phenomenon but continues to
increase as more product sales and price information are being harvested at scale.

Investment style

The majority of datasets focus on specific sectors and stocks, and as such, naturally
appeal to long-short equity investors. As the scale and scope of alternative data collection
continues to rise, alternative data will likely also become relevant to investors in macro
themes, such as consumer credit, activity in emerging markets, and commodity trends.

Some alternative datasets that reflect broader economic activity or consumer sentiment can
be used as proxies for traditional measures of market risk. In contrast, signals that capture
news may be more relevant to high-frequency traders that use quantitative strategies over a
brief time horizon.

Risk premiums

Some alternative datasets, such as credit card payments or social media sentiment, have
been shown to produce signals that have a low correlation (lower than 5 percent) with
traditional risk premiums in equity markets, such as value, momentum, and quality

of volatility. As a result, combining signals derived from such alternative data with an
algorithmic trading strategy based on traditional risk factors can be an important building
block toward a more diversified risk premiums portfolio.

Alpha content and quality

The signal strength required to justify the investment in an alternative dataset naturally
depends on its costs, and alternative data prices vary widely. Data that scores social
sentiment can be acquired for a few thousand dollars or less, while the cost of a dataset on
comprehensive and timely credit card payments can cost several million per year.

We will explore in detail how to evaluate trading strategies driven by alternative data using
historical data, so-called backtests, to estimate the amount of alpha contained in a dataset. In
isolated cases, a dataset may contain sufficient alpha signal to drive a strategy on a standalone
basis, but more typical is the combined use of various alternative and other sources of data.

In these cases, a dataset permits the extraction of weak signals that produce a small positive
Sharpe ratio that would not receive a capital allocation on its own but can deliver a portfolio-
level strategy when integrated with similar other signals. This is not guaranteed, however,

as there are also many alternative datasets that do not contain any alpha content.
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Besides evaluating a dataset's alpha content, it is also important to assess to which extent
a signal is incremental or orthogonal —that is, unique to a dataset or already captured by
other data—and in the latter case, compare the costs for this type of signal.

Finally, it is essential to evaluate the potential capacity of a strategy that relies on a given,
that is, the amount of capital that can be allocated without undermining its success. This is
because a capacity limit will make it more difficult to recover the cost of the data.

Quality of the data

The quality of a dataset is another important criterion because it impacts the effort required
to analyze and monetize it, and the reliability of the predictive signal it contains. Quality
aspects include the data frequency and the length of its available history, the reliability

or accuracy of the information it contains, the extent to which it complies with current or
potential future regulations, and how exclusive its use is.

Legal and reputational risks

The use of alternative datasets may carry legal or reputational risks, especially when they
include the following items:

* Material non-public information (MNPI), because it implies an infringement of
insider trading regulations

* Personally identifiable information (PII), primarily since the European Union has
enacted the General Data Protection Regulation (GDPR)

Accordingly, legal and compliance requirements need a thorough review. There could also
be conflicts of interest when the provider of the data is also a market participant that is
actively trading based on the dataset.

Exclusivity

The likelihood that an alternative dataset contains a signal that is sufficiently predictive to
drive a strategy on a standalone basis, with a high Sharpe ratio for a meaningful period,
is inversely related to its availability and ease of processing. In other words, the more
exclusive and harder to process the data, the better the chances that a dataset with alpha
content can drive a strategy without suffering rapid signal decay.

Public fundamental data that provides standard financial ratios contains little alpha and

is not attractive for a standalone strategy, but it may help diversify a portfolio of risk
factors. Large, complex datasets will take more time to be absorbed by the market, and new
datasets continue to emerge on a frequent basis. Hence, it is essential to assess how familiar
other investors already are with a dataset, and whether the provider is the best source for
this type of information.
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Additional benefits to exclusivity or being an early adopter of a new dataset may arise
when a business just begins to sell exhaust data that it generated for other purposes. This is
because it may be possible to influence how the data is collected or curated, or to negotiate
conditions that limit access for competitors at least for a certain time period.

Time horizon

A more extensive history is highly desirable to test the predictive power of a dataset in
different scenarios. The availability varies greatly between several months and several
decades, and has important implications for the scope of the trading strategy that can
be built and tested based on the data. We mentioned some ranges for time horizons for
different datasets when introducing the main types of sources.

Frequency

The frequency of the data determines how often new information becomes available and
how differentiated a predictive signal can be over a given period. It also impacts the time
horizon of the investment strategy and ranges from intra-day to daily, weekly, or an even
lower frequency.

Reliability

Naturally, the degree to which the data accurately reflects what it intends to measure or
how well this can be verified is of significant concern and should be validated by means

of a thorough audit. This applies to both raw and processed data, where the methodology
used to extract or aggregate information needs to be analyzed, taking into account the cost-
benefit ratio for the proposed acquisition.

Technical aspects

Technical aspects concern the latency, or delay of reporting, and the format in which the
data is made available.

Latency

Data providers often provide resources in batches, and a delay can result from how the
data is collected, subsequent processing and transmission, as well as regulatory or legal
constraints.
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Format

The data is made available in a broad range of formats, depending on the source. Processed
data will be in user-friendly formats and easily integrated into existing systems or queries
via a robust APIL. On the other end of the spectrum are voluminous data sources, such as
video, audio, or image data, or a proprietary format, that require more skills to prepare for
analysis, but also provide higher barriers to entry for potential competitors.

The market for alternative data

The investment industry spent an estimated $2-3 billion on data services in 2018, and this
number is expected to grow at a double-digit rate per year in line with other industries.
This expenditure includes the acquisition of alternative data, investments in related
technology, and the hiring of qualified talent.

A survey by Ernst & Young shows significant adoption of alternative data in 2017; 43
percent of funds were using scraped web data, for instance, and almost 30 percent were
experimenting with satellite data (see Figure 3.1). Based on the experience so far, fund
managers considered scraped web data and credit card data to be most insightful, in
contrast to geolocation and satellite data, which around 25 percent considered to be less
informative:
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Figure 3.1: Usefulness and usage of alternative data (Source: Ernst & Young, 2017)
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Reflecting the rapid growth of this new industry, the market for alternative data

providers is quite fragmented. J.P. Morgan lists over 500 specialized data firms,

while AlternativeData.org lists over 300. Providers play numerous roles, including
intermediaries such as consultants, aggregators, and tech solutions; sell-side supports
deliver data in various formats, ranging from raw to semi-processed data or some form of a
signal extracted from one or more sources.

We will highlight the size of the main categories and profile a few prominent examples to
illustrate their diversity.

Data providers and use cases

AlternativeData.org (supported by the provider YipitData) lists several categories that
can serve as a rough proxy for activity in various data-provider segments. Social sentiment
analysis is by far the largest category, while satellite and geolocation data have been
growing rapidly in recent years:

Product category # Providers
Social sentiment 48
Satellite 26
Geolocation 22
Web data and traffic 22
Infrastructure and interfaces 20
Consultants 18
Credit and debit card usage 14
Data brokers 10
Public data 10
App usage

Email and consumer receipts

Sell side

Weather

Other 87

The following brief examples aim to illustrate the broad range of service providers and
potential use cases.

Social sentiment data

Social sentiment analysis is most closely associated with Twitter data. Gnip was an early
social-media aggregator that provided data from numerous sites using an API and was
acquired by Twitter in 2014 for $134 million. Search engines are another source that became
prominent when researchers published, in Nature, that investment strategies based on
Google Trends for terms such as debt could be used for a profitable trading strategy over an
extended period (Preis, Moat, and Stanley 2013).
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Dataminr

Dataminr was founded in 2009 and provides social-sentiment and news analysis based

on an exclusive agreement with Twitter. The company is one of the larger alternative
providers and raised an additional $391 million in funding in June 2018, led by Fidelity, at a
$1.6 billion valuation, bringing total funding to $569 billion. It emphasizes real-time signals
extracted from social media feeds using machine learning and serves a wide range of
clients, including not only buy - and sell-side investment firms, but also news organizations
and the public sector.

StockTwits

StockTwits is a social network and micro-blogging platform where several hundred
thousand investment professionals share information and trading ideas in the form of
StockTwits. These are viewed by a large audience across the financial web and social
media platforms. This data can be exploited because it may reflect investor sentiment or
itself drive trades that, in turn, impact prices. Nasseri, Tucker, and de Cesare (2015) built a
trading strategy on selected features.

RavenPack

RavenPack analyzes a large amount of diverse, unstructured, text-based data to produce
structured indicators, including sentiment scores, that aim to deliver information relevant

to investors. The underlying data sources range from premium newswires and regulatory
information to press releases and over 19,000 web publications. ].P. Morgan tested a long-short
sovereign bond and equity strategies based on sentiment scores and achieved positive results,
with a low correlation to conventional risk premiums (Kolanovic and Krishnamachari, 2017).

Satellite data

RS Metrics, founded in 2010, triangulates geospatial data from satellites, drones, and
airplanes with a focus on metals and commodities, as well as real estate and industrial
applications. The company offers signals, predictive analytics, alerts, and end-user
applications based on its own high-resolution satellites. Use cases include the estimation
of retail traffic at certain chains or commercial real estate, as well as the production and
storage of certain common metals or employment at related production locations.

Geolocation data

Advan, founded in 2015, serves hedge fund clients with signals derived from mobile phone
traffic data, targeting 1,600 tickers across various sectors in the US and EU. The company
collects data using apps that install geolocation codes on smartphones with explicit user
consent and track location using several channels (such as Wi-Fi, Bluetooth, and cellular
signal) for enhanced accuracy. The use cases include estimates of customer traffic at
physical store locations, which, in turn, can be used as input to models that predict the
top-line revenues of traded companies.
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Email receipt data

Eagle Alpha provides, among other services, data on a large set of online transactions
using email receipts, covering over 5,000 retailers, including SKU-level transaction data
categorized into 53 product groups. ].P. Morgan analyzed a time series dataset, covering
2013-16, that covered a constant group of users active throughout the entire sample period.
The dataset contained the total aggregate spend, number of orders, and number of unique
buyers per period (Kolanovic and Krishnamachari, 2017).

Working with alternative data

We will illustrate the acquisition of alternative data using web scraping, targeting first
OpenTable restaurant data, and then move on to earnings call transcripts hosted by
Seeking Alpha.

Scraping OpenTable data

Typical sources of alternative data are review websites such as Glassdoor or Yelp, which
convey insider insights using employee comments or guest reviews. Clearly, user-
contributed content does not capture a representative view, but rather is subject to severe
selection biases. We'll look at Yelp reviews in Chapter 14, Text Data for Trading - Sentiment
Analysis, for example, and find many more very positive and negative ratings on the
five-star scale than you might expect. Nonetheless, this data can be valuable input for ML
models that aim to predict a business's prospects or market value relative to competitors or
over time to obtain trading signals.

The data needs to be extracted from the HTML source, barring any legal obstacles. To
illustrate the web scraping tools that Python offers, we'll retrieve information on restaurant
bookings from OpenTable. Data of this nature can be used to forecast economic activity by
geography, real estate prices, or restaurant chain revenues.

Parsing data from HTML with Requests and BeautifulSoup

In this section, we will request and parse HTML source code. We will be using the Requests
library to make Hypertext Transfer Protocol (HTTP) requests and retrieve the HTML
source code. Then, we'll rely on the Beautiful Soup library, which makes it easy to parse the
HTML markup code and extract the text content we are interested in.

We will, however, encounter a common obstacle: websites may request certain information
from the server only after initial page-load using JavaScript. As a result, a direct HTTP
request will not be successful. To sidestep this type of protection, we will use a headless
browser that retrieves the website content as a browser would:
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from bs4 import BeautifulSoup
import requests

url = https://www.opentable.com/new-york-restaurant-listings

html = requests.get(url)

html.text[:500]

' <IDOCTYPE html><html lang="en"><head><meta charset="utf-8"/><meta
http-equiv="X-UA-Compatible" content="IE=9; IE=8; IE=7; IE=EDGE"/>
<title>Restaurant Reservation Availability</title> <meta name="robots"
content="noindex" > </meta> <link rel="shortcut icon" href="//components.
otstatic.com/components/favicon/1.0.4/favicon/favicon.ico" type="image/
x-icon"/><link rel="icon" href="//components.otstatic.com/components/
favicon/1.0.4/favicon/favicon-16.png" sizes="16x16"/><link rel="'

Now, we can use Beautiful Soup to parse the HTML content, and then look for all span tags
with the class associated with the restaurant names that we obtain by inspecting the source
code, rest-row-name-text (see the GitHub repository for linked instructions to examine
website source code):

soup = BeautifulSoup(html.text, 'html.parser')

for entry in soup.find_all(name="span', attrs={'class':'rest-row-name-text'}):
print(entry.text)

Wade Coves

Alley

Dolorem Maggio

Islands

Once you have identified the page elements of interest, Beautiful Soup makes it easy to
retrieve the contained text. If you want to get the price category for each restaurant, for
example, you can use:

for entry in soup.find_all('div', {'class':'rest-row-pricing'}):
price = entry.find('i").text

When you try to get the number of bookings, however, you just get an empty list because
the site uses JavaScript code to request this information after the initial loading is complete:

soup.find_all('div', {'class':'booking'})
[]

This is precisely the challenge we mentioned earlier —rather than sending all content

to the browser as a static page that can be easily parsed, JavaScript loads critical pieces
dynamically. To obtain this content, we need to execute the JavaScript just like a browser —
that's what Selenium is for.
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Introducing Selenium — using browser automation

We will use the browser automation tool Selenium to operate a headless Firefox browser
that will parse the HTML content for us.

The following code opens the Firefox browser:

from selenium import webdriver

driver = webdriver.Firefox()

Let's close the browser:

driver.close()

Now, we retrieve the HTML source code, including the parts loaded dynamically, with
Selenium and Firefox. To this end, we provide the URL to our driver and then use its page_
source attribute to get the full-page content, as displayed in the browser.

From here on, we can fall back on Beautiful Soup to parse the HIML, as follows:

import time, re

driver = webdriver.Firefox()
driver.get(url)
time.sleep(1)

html = driver.page_source
html = BeautifulSoup(html, "1xml")
for booking in html.find_all('div', {'class': 'booking'}):
match = re.search(r'\d+', booking.text)
if match:
print(match.group())

Building a dataset of restaurant bookings and ratings

Now, you only need to combine all the interesting elements from the website to create a
feature that you could use in a model to predict economic activity in geographic regions, or
foot traffic in specific neighborhoods.

With Selenium, you can follow the links to the next pages and quickly build a dataset of over
10,000 restaurants in NYC, which you could then update periodically to track a time series.

First, we set up a function that parses the content of the pages that we plan on crawling,
using the familiar Beautiful Soup parse syntax:
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def parse_html(html):
data, item = pd.DataFrame(), {}
soup = BeautifulSoup(html, "lxml")
for i, resto in enumerate(soup.find_all('div’,
class_='rest-row-info')):
item[ 'name'] = resto.find('span’,
class_='rest-row-name-text"').text
booking = resto.find('div', class_='booking")
item[ 'bookings'] = re.search('\d+', booking.text).group() \
if booking else 'NA'
rating = resto.find('div', class_='star-rating-score')
item[ 'rating'] = float(rating['aria-label'].split()[0]) \
if rating else 'NA'
reviews = resto.find('span', class_='underline-hover")
item['reviews'] = int(re.search('\d+', reviews.text).group()) \
if reviews else 'NA'
item[ 'price'] int(resto.find('div', class_='rest-row-pricing')
find('i') . text.count('$"))

cuisine_class = 'rest-row-meta--cuisine rest-row-meta-text
sfx1388addContent’

item['cuisine'] = resto.find('span', class_=cuisine_class).text

location_class = 'rest-row-meta--location rest-row-meta-text
sfx1388addContent’

item[ 'location’'] = resto.find('span', class_=location_class).text
data[i] = pd.Series(item)
return data.T

Then, we start a headless browser that continues to click on the Next button for us and
captures the results displayed on each page:

restaurants = pd.DataFrame()
driver = webdriver.Firefox()
url = https://www.opentable.com/new-york-restaurant-listings
driver.get(url)
while True:

sleep(1)

new_data = parse_html(driver.page_source)

if new_data.empty:

break

restaurants = pd.concat([restaurants, new_data], ignore_index=True)

print(len(restaurants))

driver.find_element_by_ link_text('Next').click()
driver.close()
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A sample run in early 2020 yields location, cuisine, and price category information on
10,000 restaurants. Furthermore, there are same-day booking figures for around 1,750
restaurants (on a Monday), as well as ratings and reviews for around 3,500 establishments.

Figure 3.2 shows a quick summary: the left panel displays the breakdown by price category
for the top 10 locations with the most restaurants. The central panel suggests that ratings
are better, on average, for more expensive restaurants, and the right panel highlights that
better - rated restaurants receive more bookings. Tracking this information over time could
be informative, for example, with respect to consumer sentiment, location preferences, or
specific restaurant chains:
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Figure 3.2: OpenTable data summary

Websites continue to change, so this code may stop working at some point. To update our
bot, we need to identify the changes to the site navigation, such as new class or ID names,
and correct the parser accordingly.

Taking automation one step further with Scrapy and Splash

Scrapy is a powerful library used to build bots that follow links, retrieve the content,
and store the parsed result in a structured way. In combination with the Splash headless
browser, it can also interpret JavaScript and becomes an efficient alternative to Selenium.

You can run the spider using the scrapy crawl opentable command in the @1_opentable
directory, where the results are logged to spider.log:

from opentable.items import OpentableItem
from scrapy import Spider

from scrapy_splash import SplashRequest
class OpenTableSpider(Spider):

name = 'opentable’
start_urls = ["https://www.opentable.com/new-york-restaurant-
listings']

def start_requests(self):
for url in self.start_urls:
yield SplashRequest(url=url,
callback=self.parse,
endpoint="render.html’,
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args={'wait': 1},
)
def parse(self, response):
item = OpentableItem()
for resto in response.css('div.rest-row-info'):
item[ 'name'] = resto.css('span.rest-row-name-
text::text').extract()
item[ 'bookings'] =
resto.css('div.booking::text').re(r'\d+")
item[ 'rating'] = resto.css('div.all-
stars::attr(style)').re_first('\d+")
item[ 'reviews'] = resto.css('span.star-rating-text--review-
text::text').re_first(r'\d+")
item[ 'price'] = len(resto.css('div.rest-row-pricing >
ir:text').re('\$'))
item[ 'cuisine'] = resto.css('span.rest-row-meta—
cuisine::text').extract()
item[ 'location’'] = resto.css('span.rest-row-meta—
location::text"').extract()
yield item

There are numerous ways to extract information from this data beyond the reviews and
bookings of individual restaurants or chains.

We could further collect and geo-encode the restaurants' addresses, for instance, to link
the restaurants' physical location to other areas of interest, such as popular retail spots or
neighborhoods to gain insights into particular aspects of economic activity. As mentioned
previously, such data will be most valuable in combination with other information.

Scraping and parsing earnings call transcripts

Textual data is an essential alternative data source. One example of textual information is
the transcripts of earnings calls, where executives do not only present the latest financial
results, but also respond to questions by financial analysts. Investors utilize transcripts to
evaluate changes in sentiment, emphasis on particular topics, or style of communication.

We will illustrate the scraping and parsing of earnings call transcripts from the popular
trading website www.seekingalpha.com. As in the OpenTable example, we'll use Selenium
to access the HTML code and Beautiful Soup to parse the content. To this end, we begin by
instantiating a Selenium webdriver instance for the Firefox browser:
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from urllib.parse import urljoin

from bs4 import BeautifulSoup

from furl import furl

from selenium import webdriver

transcript_path = Path('transcripts')

SA_URL = 'https://seekingalpha.com/'

TRANSCRIPT = re.compile('Earnings Call Transcript')
next_page = True

page = 1

driver = webdriver.Firefox()

Then, we iterate over the transcript pages, creating the URLs based on the navigation

logic we obtained from inspecting the website. As long as we find relevant hyperlinks to
additional transcripts, we access the webdriver's page_source attribute and call the parse_

html function to extract the content:

while next_page:
url = f'{SA_URL}/earnings/earnings-call-transcripts/{page}"’
driver.get(urljoin(SA_URL, url))
response = driver.page_source
page += 1
soup = BeautifulSoup(response, 'lxml')
links = soup.find_all(name="'a', string=TRANSCRIPT)
if len(links) == 0:
next_page = False
else:
for link in links:
transcript_url = link.attrs.get('href")
article_url = furl(urljoin(SA_URL,
transcript_url)).add({'part’': 'single'})
driver.get(article_url.url)
html = driver.page_source
meta, participants, content = parse_html(html)
meta[ 'link'] = link
driver.close()

To collect structured data from the unstructured transcripts, we can use regular expressions

in addition to Beautiful Soup.
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They allow us to collect detailed information not only about the earnings call company
and timing, but also about who was present and attribute the statements to analysts and
company representatives:

def parse_html(html):
date_pattern = re.compile(r'(\d{2})-(\d{2})-(\d{2})")
quarter_pattern = re.compile(r'(\bQ\d\b)")
soup = BeautifulSoup(html, 'lxml')
meta, participants, content = {}, [1, []
hl = soup.find('hl', itemprop='headline').text
meta[ "company'] = hi[:hl.find("'(")].strip()
meta[ 'symbol'] = hi[hl.find('("') + 1:hl.find("')")]
title = soup.find('div', class_='title').text
match = date_pattern.search(title)
if match:
m, d, y = match.groups()
meta[ ‘'month'] = int(m)
meta[ 'day'] = int(d)
meta[ 'year'] = int(y)
match = quarter_pattern.search(title)

if match:
meta[ 'quarter'] = match.group(0)
ga = 0

speaker_types = ['Executives', 'Analysts']
for header in [p.parent for p in soup.find_all('strong')]:
text = header.text.strip()
if text.lower().startswith('copyright'):
continue
elif text.lower().startswith('question-and"'):
ga = 1
continue
elif any([type in text for type in speaker_types]):
for participant in header.find_next_siblings('p"):
if participant.find('strong'):
break
else:
participants.append([text, participant.text])
else:
p =[]
for participant in header.find_next_siblings('p"):
if participant.find('strong'):
break
else:
p.append(participant.text)
content.append([header.text, ga, '\n'.join(p)])
return meta, participants, content
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We'll store the result in several . csv files for easy access when we use ML to process natural
language in Chapters 14-16:

def store_result(meta, participants, content):
path = transcript_path / 'parsed' / meta['symbol']
pd.DataFrame(content, columns=['speaker', 'g&a’,
‘content']).to_csv(path / 'content.csv', index=False)
pd.DataFrame(participants, columns=['type', 'name']).to_csv(path /
'participants.csv', index=False)
pd.Series(meta).to_csv(path / 'earnings.csv')

See the README in the GitHub repository for additional details and references for further
resources to learn how to develop web scraping applications.

Summary

In this chapter, we introduced new sources of alternative data made available as a result
of the big data revolution, including individuals, business processes, and sensors, such
as satellites or GPS location devices. We presented a framework to evaluate alternative
datasets from an investment perspective and laid out key categories and providers to
help you navigate this vast and quickly expanding area that provides critical inputs for
algorithmic trading strategies that use ML.

We also explored powerful Python tools you can use to collect your own datasets at scale.
We did this so that you can potentially work on getting your private informational edge as
an algorithmic trader using web scraping.

We will now proceed, in the following chapter, to the design and evaluation of alpha
factors that produce trading signals and look at how to combine them in a portfolio context.
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Algorithmic trading strategies are driven by signals that indicate when to buy or sell assets
to generate superior returns relative to a benchmark, such as an index. The portion of an
asset's return that is not explained by exposure to this benchmark is called alpha, and hence
the signals that aim to produce such uncorrelated returns are also called alpha factors.

If you are already familiar with ML, you may know that feature engineering is

a key ingredient for successful predictions. This is no different in trading. Investment,
however, is particularly rich in decades of research into how markets work, and which
features may work better than others to explain or predict price movements as a result. This
chapter provides an overview as a starting point for your own search for alpha factors.

This chapter also presents key tools that facilitate computing and testing alpha factors. We
will highlight how the NumPy, pandas, and TA-Lib libraries facilitate the manipulation of
data and present popular smoothing techniques like the wavelets and the Kalman filter,
which help reduce noise in data.

We will also preview how you can use the trading simulator Zipline to evaluate the
predictive performance of (traditional) alpha factors. We will discuss key alpha factor
metrics like the information coefficient and factor turnover. An in-depth introduction to
backtesting trading strategies that use machine learning follows in Chapter 6, The Machine
Learning Process, which covers the MLAT workflow that we will use throughout this book to
evaluate trading strategies.
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In particular, this chapter will address the following topics:

*  Which categories of factors exist, why they work, and how to measure them
* Creating alpha factors using NumPy, pandas, and TA-Lib
* How to denoise data using wavelets and the Kalman filter

* Using Zipline offline and on Quantopian to test individual and multiple
alpha factors

* How to use Alphalens to evaluate predictive performance and turnover using,
among other metrics, the information coefficient (IC)

You can find the code samples for this chapter and links to
additional resources in the corresponding directory of the GitHub
‘ p/ repository. The notebooks include color versions of the images.
\/ The Appendix, Alpha Factor Library, contains additional information
on financial feature engineering, including more than 100 worked
examples that you can leverage for your own strategy..

Alpha factors in practice — from data to signals

Alpha factors are transformations of raw data that aim to predict asset price movements.
They are designed to capture risks that drive asset returns. A factor may combine one or
several inputs, but outputs a single value for each asset, every time the strategy evaluates
the factor to obtain a signal. Trade decisions may rely on relative factor values across assets
or patterns for a single asset.

The design, evaluation, and combination of alpha factors are critical steps during the
research phase of the algorithmic trading strategy workflow, which is displayed in
Figure 4.1:

Research Execution

Figure 4.1: Alpha factor research and execution workflow

This chapter focuses on the research phase; the next chapter covers the execution phase.
The remainder of this book will then focus on how to leverage ML to learn new factors
from data and effectively aggregate the signals from multiple alpha factors.
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Alpha factors are transformations of market, fundamental, and alternative data that contain
predictive signals. Some factors describe fundamental, economy-wide variables such as
growth, inflation, volatility, productivity, and demographic risk. Other factors represent
investment styles, such as value or growth, and momentum investing that can be traded
and are thus priced by the market. There are also factors that explain price movements
based on the economics or institutional setting of financial markets, or investor behavior,
including known biases of this behavior.

The economic theory behind factors can be rational so that factors have high returns
over the long run to compensate for their low returns during bad times. It can also be
behavioral, where factor risk premiums result from the possibly biased, or not entirely
rational, behavior of agents that is not arbitraged away.

There is a constant search for and discovery of new factors that may better capture known
or reflect new drivers of returns. Jason Hsu, the co-founder of Research Affiliates, which
manages close to $200 billion, identified some 250 factors that had been published with
empirical evidence in reputable journals by 2015. He estimated that this number was likely
to increase by 40 factors per year.

To avoid false discoveries and ensure a factor delivers consistent results, it should have

a meaningful economic intuition based on the various established factor categories like
momentum, value, volatility, or quality and their rationales, which we'll outline in the next
section. This makes it more plausible that the factor reflects risks for which the market
would compensate.

Alpha factors result from transforming raw market, fundamental, or alternative data

using simple arithmetic, such as absolute or relative changes of a variable over time, ratios
between data series, or aggregations over a time window like a simple or exponential
moving average. They also include metrics that have emerged from the technical analysis
of price and volume patterns, such as the relative strength index of demand versus supply
and numerous metrics familiar from the fundamental analysis of securities. Kakushadze
(2016) lists the formulas for 101 alpha factors, 80 percent of which were used in production
at the WorldQuant hedge fund at the time of writing.

Historically, trading strategies applied simple ranking heuristics, value thresholds, or
quantile cutoffs to one or several alpha factors computed across multiple securities in the
investment universe. Examples include the value investing approach popularized in one of
Warren Buffet's favorite books, Security Analysis, by Graham and Dodd (1934), which relies
on metrics like the book-to-market ratio.

Modern research into alpha factors that predict above-market returns has been led by
Eugene Fama (who won the 2013 Nobel Prize in Economics) and Kenneth French, who
provided evidence on the size and value factors (1993). This work led to the three- and five-
factor models, which we will discuss in Chapter 7, Linear Models - From Risk Factors to Return
Forecasts, using daily data on factor returns provided by the authors on their website. An
excellent, more recent, overview of modern factor investing has been written by Andrew
Ang (2014), who heads this discipline at BlackRock, which manages close to $7 trillion.
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As we will see throughout this book, ML has proven quite effective in learning to extract
signals directly from a more diverse and much larger set of input data without using
prescribed formulas. As we will also see, however, alpha factors remain useful inputs for an
ML model that combines their information content in a more optimal way than manually
set rules.

As a result, algorithmic trading strategies today leverage a large number of signals, many
of which may be weak individually but can yield reliable predictions when combined with
other model-driven or traditional factors by an ML algorithm.

Building on decades of factor research

In an idealized world, risk factors should be independent of each other, yield positive

risk premia, and form a complete set that spans all dimensions of risk and explains the
systematic risks for assets in a given class. In practice, these requirements hold only
approximately, and there are important correlations between different factors. For instance,
momentum is often stronger among smaller firms (Hou, Xue, and Zhang, 2015). We will
show how to derive synthetic, data-driven risk factors using unsupervised learning —in
particular, principal and independent component analysis —in Chapter 13, Data-Driven Risk
Factors and Asset Allocation with Unsupervised Learning.

In this section, we will review a few key factor categories prominent in financial research
and trading applications, explain their economic rationale, and present metrics typically
used to capture these drivers of returns.

In the next section, we will demonstrate how to implement some of these factors using
NumPy and pandas, use the TA-Lib library for technical analysis, and demonstrate how to
evaluate factors using the Zipline backtesting library. We will also highlight some factors
built into Zipline that are available on the Quantopian platform.

Momentum and sentiment — the trend is your friend

Momentum investing is among the most well-established factor strategies, underpinned
by quantitative evidence since Jegadeesh and Titman (1993) for the US equity market. It
follows the adage: the trend is your friend or let your winners run. Momentum factors are
designed to go long on assets that have performed well, while going short on assets with
poor performance over a certain period. Clifford Asness, the founder of the $200 billion
hedge fund AQR, presented evidence for momentum effects across eight different asset
classes and markets much more recently (Asness, Moskowitz, and Pedersen, 2013).

The premise of strategies using this factor is that asset prices exhibit a trend, reflected in
positive serial correlation. Such price momentum defies the hypothesis of efficient markets,
which states that past price returns alone cannot predict future performance. Despite
theoretical arguments to the contrary, price momentum strategies have produced positive
returns across asset classes and are an important part of many trading strategies.
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The chart in Figure 4.2 shows the historical performance of portfolios formed based on their
exposure to various alpha factors (using data from the Fama-French website). The factor
winner minus loser (WML) represents the difference in performance between portfolios
containing US stocks in the top and bottom three deciles, respectively, of the prior 2-12
months of returns:

Value of $1 invested in Risk Factor Portofolios
a0

—— Equity Premium
SMB (Size)

35 —— HML (Value)

—— RMW (Profitability)
—— CMA (Investment)
— WML (Momentum)

25
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Year

Figure 4.2: Returns on various risk factors

The momentum factor dramatically outperformed other prominent risk factors up

to the 2008 crisis. The other factors include the high-minus-low (HML) value factor, the
robust-minus-weak (RMW) profitability factor, and the conservative-minus-aggressive
(CMA) investment factor. The equity premium is the difference between the market return
(for example, the S&P 500) and the risk-free rate.

Why might momentum and sentiment drive excess returns?

Reasons for the momentum effect point to investor behavior, persistent supply and demand
imbalances, a positive feedback loop between risk assets and the economy, or the market
microstructure.

The behavioral rationale reflects the biases of underreaction (Hong, Lim, and Stein, 2000)
and over-reaction (Barberis, Shleifer, and Vishny, 1998) to market news as investors process
new information at different speeds. After an initial under-reaction to news, investors

often extrapolate past behavior and create price momentum. The technology stocks rally
during the late 90s market bubble was an extreme example. A fear and greed psychology
also motivates investors to increase exposure to winning assets and continue selling losing
assets (Jegadeesh and Titman, 2011).
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Momentum can also have fundamental drivers such as a positive feedback loop between
risk assets and the economy. Economic growth boosts equities, and the resulting wealth
effect feeds back into the economy through higher spending, again fueling growth.
Positive feedback between prices and the economy often extends momentum in equities
and credit to longer horizons than for bonds, FOEX, and commodities, where negative
feedback creates reversals, requiring a much shorter investment horizon. Another cause
of momentum can be persistent demand-supply imbalances due to market frictions. One
example is the delay of commodity production in adjusting to changing demand. Oil
production may lag higher demand from a booming economy for years, and persistent
supply shortages can trigger and support upward price momentum (Novy-Marx, 2015).

Over shorter, intraday horizons, market microstructure effects can also create price
momentum as investors implement strategies that mimic their biases. For example, the
trading wisdom to cut losses and let profits run has investors use trading strategies such
as stop-loss, constant proportion portfolio insurance (CPPI), dynamical delta hedging, or
option-based strategies such as protective puts. These strategies create momentum because
they imply an advance commitment to sell when an asset underperforms and buy when it
outperforms.

Similarly, risk parity strategies (see the next chapter) tend to buy low-volatility assets
that often exhibit positive performance and sell high-volatility assets that often have had
negative performance (see the Volatility and size anomalies section later in this chapter).
The automatic rebalancing of portfolios using these strategies tends to reinforce price
momentum.

How to measure momentum and sentiment

Momentum factors are typically derived from changes in price time series by identifying
trends and patterns. They can be constructed based on absolute or relative return by
comparing a cross-section of assets or analyzing an asset's time series, within or across
traditional asset classes, and at different time horizons.

A few popular illustrative indicators are listed in the following table (see the Appendix for
formulas):

Factor Description

RSI compares the magnitude of recent price changes across stocks to identify
stocks as overbought or oversold. A high RSI (usually above 70) indicates
overbought and a low RSI (typically below 30) indicates oversold. It first

computes the average price change for a given number (often 14) of prior
Relative strength

. S . up . . d .
index (RSI) trading days with rising prlclegoAp and falling prices A", respectively, to
compute RSI = 100 — NG
14+ —
ApOWTl
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Price momentum

This factor computes the total return for a given number of prior trading
days. In academic literature, it is common to use the last 12 months except
for the most recent month due to a short-term reversal effect that's frequently
observed. However, shorter periods have also been widely used.

12-month price
momentum
volume
adjustment

The indicator normalizes the total return over the previous 12 months by
dividing it by the standard deviation of these returns.

Price acceleration

Price acceleration calculates the gradient of the price trend (adjusted for
volatility) using linear regression on daily prices for a longer and a shorter
period, for example, 1 year and 3 months of trading days, and compares the
change in the slope as a measure of price acceleration.

Percent off
52-week high

This factor uses the percent difference between the most recent and the
highest price for the last 52 weeks.

Additional sentiment indicators include the following metrics; inputs like analyst estimates
can be obtained from data providers like Quandl or Bloomberg, among others:

Factor

Description

Earnings
estimates count

This metric ranks stocks by the number of consensus estimates as a proxy for
analyst coverage and information uncertainty. A higher value is more desirable.

N-month This factor ranks stocks by the change in consensus recommendation over the
change in prior N month, where improvements are desirable (regardless of whether they
recommendation | have moved from strong sell to sell or buy to strong buy and so on).
This factor measures the change in a company's split-adjusted share count
12-month . s
. over the last 12 months, where a negative change implies share buybacks
change in shares . . o .
. and is desirable because it signals that management views the stock as cheap
outstanding

relative to its intrinsic and, hence, future value.

6-month change
in target price

The metric tracks the 6-month change in mean analyst target price. A higher
positive change is naturally more desirable.

Net earnings
revisions

This factor expresses the difference between upward and downward revisions
to earnings estimates as a percentage of the total number of revisions.

Short interest
to shares
outstanding

This measure is the percentage of shares outstanding currently being sold
short, that is, sold by an investor who has borrowed the share and needs to
repurchase it at a later day while speculating that its price will fall. Hence,
a high level of short interest indicates negative sentiment and is expected to
signal poor performance going forward.

There are also numerous data providers that aim to offer sentiment indicators constructed
from social media, such as Twitter. We will create our own sentiment indicators using
natural language processing in Part 3 of this book.
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Value factors — hunting fundamental bargains

Stocks with low prices relative to their fundamental value tend to deliver returns in
excess of a capitalization-weighted benchmark. Value factors reflect this correlation and
are designed to send buy signals for undervalued assets that are relatively cheap and
sell signals for overvalued assets. Hence, at the core of any value strategy is a model that
estimates the asset's fair or fundamental value. Fair value can be defined as an absolute
price level, a spread relative to other assets, or a range in which an asset should trade.

Relative value strategies

Value strategies rely on the mean-reversion of prices to the asset's fair value. They assume
that prices only temporarily move away from fair value due to behavioral effects like
overreaction or herding, or liquidity effects such as temporary market impact or long-

term supply/demand friction. Value factors often exhibit properties opposite to those of
momentum factors because they rely on mean-reversion. For equities, the opposite of value
stocks is growth stocks that have a high valuation due to growth expectations.

Value factors enable a broad array of systematic strategies, including fundamental and
market valuation and cross-asset relative value. They are often collectively labeled
statistical arbitrage (StatArb) strategies, implemented as market-neutral long/short
portfolios without exposure to other traditional or alternative risk factors.

Fundamental value strategies

Fundamental value strategies derive fair asset values from economic and fundamental
indicators that depend on the target asset class. In fixed income, currencies, and
commodities, indicators include levels and changes in the capital account balance,
economic activity, inflation, or fund flows. For equities and corporate credit, value factors
go back to Graham and Dodd's previously mentioned Security Analysis. Equity value
approaches compare a stock price to fundamental metrics such as book value, top-line
sales, bottom-line earnings, or various cash-flow metrics.

Market value strategies

Market value strategies use statistical or machine learning models to identify mispricing
due to inefficiencies in liquidity provision. Statistical and index arbitrage are prominent
examples that capture the reversion of temporary market impacts over short time horizons.
(We will cover pairs trading in Chapter 9, Time-Series Models for Volatility Forecasts and
Statistical Arbitrage). Over longer time horizons, market value trades also leverage seasonal
effects in equities and commodities.

Cross-asset relative value strategies

Cross-asset relative value strategies focus on mispricing across asset classes. For example,
convertible bond arbitrage involves trades on the relative value between the bond that
can be turned into equity and the underlying stock of a single company. Relative value
strategies also include trades between credit and equity volatility, using credit signals to
trade equities or trades between commodities and related equities.
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Why do value factors help predict returns?

There are both rational and behavioral explanations for the existence of the value effect,
defined as the excess return on a portfolio of value stocks relative to a portfolio of growth
stocks, where the former have a low market value and the latter have a high market value
relative to fundamentals. We will cite a few prominent examples from a wealth of research
(see, for example, Fama and French, 1998, and Asness, Moskowitz, and Pedersen, 2013).

In the rational, efficient markets view, the value premium compensates for higher real or
perceived risks. Researchers have presented evidence that value firms have less flexibility

to adapt to the unfavorable economic environments than leaner and more flexible growth
companies, or that value stock risks relate to high financial leverage and more uncertain
future earnings. Value and small-cap portfolios have also been shown to be more sensitive to
macro shocks than growth and large-cap portfolios (Lakonishok, Shleifer, and Vishny, 1994).

From a behavioral perspective, the value premium can be explained by loss aversion and
mental accounting biases. Investors may be less concerned about losses on assets with a
strong recent performance due to the cushions offered by prior gains. This loss aversion
bias induces investors to perceive the stock as less risky than before and discount its future
cash flows at a lower rate. Conversely, poor recent performance may lead investors to raise
the asset's discount rate.

These differential return expectations can produce a value premium: growth stocks with a
high price multiple relative to fundamentals have done well in the past, but investors will
require a lower average return going forward due to their biased perception of lower risks,
while the inverse is true for value stocks.

How to capture value effects

A large number of valuation proxies are computed from fundamental data. These factors
can be combined as inputs into a machine learning valuation model to predict asset prices.
The following examples apply to equities, and we will see how some of these factors are
used in the following chapters:

Factor Description
The ratio divides the operational cash flow per share by the share price. A higher
Cash flow L I . .
ield ratio implies better cash returns for shareholders (if paid out using dividends or
y share buybacks or profitably reinvested in the business).
The ratio divides the free cash flow per share, which reflects the amount of cash
Free cash available for distribution after necessary expenses and investments, by the share
flow yield price. Higher and growing free cash flow yield is commonly viewed as a signal
of outperformance.
Iiiil;lflgr CFROIC measures a company's cash flow profitability. It divides operating
. cash flow by invested capital, defined as total debt plus net assets. A higher
invested . . . .
capital return means the bu51n§ss has more cash for a given amount of invested capital,
(CFROIC) generating more value for shareholders.
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Cash flow to
total assets

This ratio divides operational cash flow by total assets and indicates how much
cash a company can generate relative to its assets, where a higher ratio is better,
as with CFROIC.

This ratio measures the free cash flow that a company generates relative to its

relative to the
sector

tl.:lf)e; igSh enterprise value, measured as the combined value of equity and debt. The debt
enterprise and equity values can be taken from the balance sheet, but market values often
valuep provide a more accurate picture assuming the corresponding assets are actively
traded.
EBITDA to This ratio measures a company's earnings before interest, taxes, depreciation,
enterprise and amortization (EBITDA), which is a proxy for cash flow relative to its
value enterprise value.
Earnings This ratio divides the sum of earnings for the past 12 months by the last market
yield (close) price.
E;l:ln(; Ill_gsear Instead of using historical earnings, this ratio divides the average of earnings
z’orwar dy forecasted by stock analyst for the next 12 months by the last price.
The price/earnings to growth (PEG) ratio divides a stock's price-to-earnings
PEG ratio (P/E) ratio by the earnings growth rate for a given period. The ratio adjusts the
price paid for a dollar of earnings (measured by the P/E ratio) by the company's
earnings growth.
P/E 1-year . . . .
forward Forecasts the P/E ratio relative to the corresponding sector P/E. It aims to

alleviate the sector bias of the generic P/E ratio by accounting for sector
differences in valuation.

The ratio measures the valuation of a stock relative to its ability to generate

Sales yield revenues. All else being equal, stocks with higher historical sales to price ratios
are expected to outperform.

Sales yield The forward sales-to-price ratio uses analyst sales forecast, combined to a

forward (weighted) average.

Book value
yield

The ratio divides the historical book value by the share price.

Dividend
yield

The current annualized dividend divided by the last close price. Discounted cash
flow valuation assumes a company's market value equates to the present value of
its future cash flows.

Chapter 2, Market and Fundamental Data — Sources and Techniques, discussed how you can
source the fundamental data used to compute these metrics from company filings.

Volatility and size anomalies

The size effect is among the older risk factors and relates to the excess performance of
stocks with a low market capitalization (see Figure 4.2 at the beginning of this section).
More recently, the low-volatility factor has been shown to capture excess returns on
stocks with below-average volatility, beta, or idiosyncratic risk. Stocks with a larger
market capitalization tend to have lower volatility so that the traditional size factor is often
combined with the more recent volatility factor.
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The low volatility anomaly is an empirical puzzle that is at odds with the basic principles of
finance. The capital asset pricing model (CAPM) and other asset pricing models assert that
higher risk should earn higher returns (as we will discuss in detail in the next chapter), but
in numerous markets and over extended periods, the opposite has been true, with less risky
assets outperforming their riskier peers.

Figure 4.3 plots a rolling mean of the S&P 500 returns of 1990-2019 against the VIX index,
which measures the implied volatility of at-the-money options on the S&P 100. It illustrates
how stock returns and this measure of volatility have moved inversely with a negative
correlation of -.54 over this period. In addition to this aggregate effect, there is also evidence
that stocks with a greater sensitivity to changes in the VIX perform worse (Ang et al. 2006):

VIX vs S&P500 Returns (1yr Rolling Mean) - Correlation: -0.538
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Figure 4.3: Correlation between the VIX and the S&P 500

Why do volatility and size predict returns?

The low volatility anomaly contradicts the hypothesis of efficient markets and the CAPM
assumptions. Several behavioral explanations have been advanced to explain its existence.

The lottery effect builds on empirical evidence that individuals take on bets that resemble
lottery tickets with a small expected loss but a large potential win, even though this large
win may have a fairly low probability. If investors perceive that the risk-return profile of a
low price, volatile stock is like a lottery ticket, then it could be an attractive bet. As a result,
investors may overpay for high-volatility stocks and underpay for low-volatility stocks due
to their biased preferences.

The representativeness bias suggests that investors extrapolate the success of a few,
well-publicized volatile stocks to all volatile stocks while ignoring the speculative nature
of such stocks.

[91]



Financial Feature Engineering — How to Research Alpha Factors

Investors may also be overconfident in their ability to forecast the future, and their
differences in opinions are higher for volatile stocks with more uncertain outcomes. Since it
is easier to express a positive view by going long — that is, owning an asset — than a negative
view by going short, optimists may outnumber pessimists and keep driving up the price of
volatile stocks, resulting in lower returns.

Furthermore, investors behave differently during bull markets and crises. During bull
markets, the dispersion of betas is much lower so that low-volatility stocks do not
underperform much, if at all, whereas during crises, investors seek or keep low-volatility
stocks and the beta dispersion increases. As a result, lower volatility assets and portfolios
do better over the long term.

How to measure volatility and size

Metrics used to identify low-volatility stocks cover a broad spectrum, with

realized volatility (standard deviation) on one end and forecast (implied) volatility and
correlations on the other end. Some operationalize low volatility as low beta. The evidence
in favor of the volatility anomaly appears robust for different metrics (Ang, 2014).

Quality factors for quantitative investing

Quality factors aim to capture the excess returns reaped by companies that are highly
profitable, operationally efficient, safe, stable, and well-governed —in short, high quality.
The markets also appear to reward relative earnings certainty and penalize stocks with high
earnings volatility.

A portfolio tilt toward businesses with high quality has been long advocated by stock
pickers that rely on fundamental analysis, but it is a relatively new phenomenon

in quantitative investments. The main challenge is how to define the quality factor
consistently and objectively using quantitative indicators, given the subjective nature of
quality.

Strategies based on standalone quality factors tend to perform in a counter-cyclical way

as investors pay a premium to minimize downside risks and drive up valuations. For this
reason, quality factors are often combined with other risk factors in a multi-factor strategy,
most frequently with value to produce the quality at a reasonable price strategy.

Long-short quality factors tend to have negative market beta because they are long quality
stocks that are also low volatility, and short more volatile, low-quality stocks. Hence, quality
factors are often positively correlated with low volatility and momentum factors, and
negatively correlated with value and broad market exposure.
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Why quality matters

Quality factors may signal outperformance because superior fundamentals such as
sustained profitability, steady growth in cash flow, prudent leveraging, a low need for
capital market financing, or low financial risk underpin the demand for equity shares and
support the price of such companies in the long run. From a corporate finance perspective,
a quality company often manages its capital carefully and reduces the risk of over-
leveraging or over-capitalization.

A behavioral explanation suggests that investors under-react to information about quality,
similar to the rationale for momentum, where investors chase winners and sell losers.

Another argument for quality premia is a herding argument, similar to growth stocks. Fund
managers may find it easier to justify buying a company with strong fundamentals, even
when it is getting expensive, rather than a more volatile (risky) value stock.

How to measure asset quality

Quality factors rely on metrics computed from the balance sheet and income statement,
which indicate profitability reflected in high profit or cash flow margins, operating
efficiency, financial strength, and competitiveness more broadly because it implies the
ability to sustain a profitability position over time.

Hence, quality has been measured using gross profitability (which has been recently

added to the Fama-French factor model; see Chapter 7, Linear Models — From Risk Factors

to Return Forecasts), return on invested capital, low earnings volatility, or a combination of
various profitability, earnings quality, and leverage metrics, with some options listed in the
following table.

Earnings management is mainly exercised by manipulating accruals. Hence, the size of
accruals is often used as a proxy for earnings quality: higher total accruals relative to assets
make low earnings quality more likely. However, this is not unambiguous as accruals can
reflect earnings manipulation just as well as accounting estimates of future business growth:

Factor Description

This factor measures how efficiently a company uses its assets, which require
Asset turnover capital, to produce revenue and is calculated by dividing sales by total assets.
A higher turnover is better.

Asset turnover This factor measures a change in management's efficiency in using assets to
12-month produce revenue over the last year. Stocks with the highest level of efficiency
change improvements are typically expected to outperform.

The current ratio is a liquidity metric that measures a company's ability to pay
Current ratio short-term obligations. It compares a company's current assets to its current
liabilities, and a higher current ratio is better from a quality perspective.

This factor measures how easily a company will be able to pay interest on its
Interest coverage | debt. It is calculated by dividing a company's earnings before interest and
taxes (EBIT) by its interest expense. A higher ratio is desirable.
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A firm with significantly more debt than equity is considered to be highly
Leverage leveraged. The debt-to-equity ratio is typically inversely related to prospects,
with lower leverage being better.

The share of earnings paid out in dividends to shareholders. Stocks with

Payout ratio higher payout ratios are ranked higher.

Return on equity | ROE is computed as the ratio of net income to shareholders' equity. Equities
(ROE) with higher historical returns on equity are ranked higher.

Equipped with a high-level categorization of alpha factors that have been shown to be
associated with abnormal returns to varying degrees, we'll now start developing our own
financial features from market, fundamental, and alternative data.

Engineering alpha factors that predict returns

Based on a conceptual understanding of key factor categories, their rationale, and popular
metrics, a key task is to identify new factors that may better capture the risks embodied
by the return drivers laid out previously, or to find new ones. In either case, it will be
important to compare the performance of innovative factors to that of known factors to
identify incremental signal gains.

Key tools that facilitate the transformation of data into factors include the Python libraries
for numerical computing, NumPy and pandas, as well as the Python wrapper around the
specialized library for technical analysis, TA-Lib. Alternatives include the expression alphas
developed in Zura Kakushadze's 2016 paper, 101 Formulaic Alphas, and implemented by the
alphatools library. In addition, the Quantopian platform provides a large number of built-in
factors to speed up the research process.

To apply one or more factors to an investment universe, we can use the Zipline backtesting
library (which also includes some built-in factors) and evaluate their performance using the
Alphalens library using metrics discussed in the following section.

How to engineer factors using pandas and NumPy

NumPy and pandas are the key tools for custom factor computations. This section
demonstrates how they can be used to quickly compute the transformations that yield
various alpha factors. If you are not familiar with these libraries, in particular pandas,
which we will use throughout this book, please see the README for this chapter in the
GitHub repo for links to documentation and tutorials.
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The notebook feature_engineering.ipynb in the alpha_factors_in_practice directory
contains examples of how to create various factors. The notebook uses data generated by
the create_data. ipynb notebook in the data folder in the root directory of the GitHub repo,
which is stored in HDF5 format for faster access. See the notebook storage_benchmarks.
ipynb in the directory for Chapter 2, in the GitHub repo for a comparison of parquet, HDF5,
and CSV storage formats for pandas DataFrames.

The NumPYy library for scientific computing was created by Travis Oliphant in 2005 by
integrating the older Numeric and Numarray libraries that had been developed since the
mid-1990s. It is organized in a high-performance n-dimensional array data structure called
ndarray, which enables functionality comparable to MATLAB.

The pandas library emerged in 2008 when Wes McKinney was working at AQR Capital
Management. It provides the DataFrame data structure, which is based on NumPy's ndarray,
but allows for more user-friendly data manipulation with label-based indexing. It includes

a wide array of computational tools particularly well-suited to financial data, including rich
time-series operations with automatic date alignment, which we will explore here.

The following sections illustrate some steps in transforming raw stock price data into
selected factors. See the notebook feature_engineering.ipynb for additional detail and
visualizations that we have omitted here to save some space. See the resources listed in the
README for this chapter on GitHub for links to the documentation and tutorials on how to
use pandas and NumPly.

Loading, slicing, and reshaping the data

After loading the Quandl Wiki stock price data on US equities, we select the 2000-18 time
slice by applying pd.IndexSlice to pd.MultiIndex, which contains timestamp and ticker
information. We then select and unpivot the adjusted close price column using the .stack()
method to convert the DataFrame into wide format, with tickers in the columns and
timestamps in the rows:

idx = pd.IndexSlice
with pd.HDFStore('../../data/assets.h5") as store:
prices = (store['quandl/wiki/prices’]
.loc[idx['2000':'2018"', :], 'adj_close']
.unstack('ticker"))

prices.info()
DatetimeIndex: 4706 entries, 2000-01-03 to 2018-03-27
Columns: 3199 entries, A to ZUMZ
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Resampling — from daily to monthly frequency

To reduce training time and experiment with strategies for longer time horizons, we
convert the business-daily data into month-end frequency using the available adjusted
close price:

monthly prices = prices.resample('M").last()

How to compute returns for multiple historical periods

To capture time-series dynamics like momentum patterns, we compute historical multi-
period returns using the pct_change(n_periods) method, where n_periods identifies the
number of lags. We then convert the wide result back into long format using .stack(), use
.pipe() to apply the .clip() method to the resulting DataFrame, and winsorize returns at
the [1%, 99%] levels; that is, we cap outliers at these percentiles.

Finally, we normalize returns using the geometric average. After using .swaplevel() to
change the order of the MultiIndex levels, we obtain the compounded monthly returns over
six different periods, ranging from 1 to 12 months:

outlier_cutoff = 0.01
data = pd.DataFrame()
lags = [1, 2, 3, 6, 9, 12]
for lag in lags:
data[f'return_{lag}m'] = (monthly prices
.pct_change(lag)
.stack()
.pipe(lambda x:
x.clip(lower=x.quantile(outlier_cutoff),
upper=x.quantile(l-outlier_cutoff)))
.add(1)
.pow(1/1lag)
.sub(1)
)
data = data.swaplevel().dropna()
data.info()
MultiIndex: 521806 entries, (A, 2001-01-31 00:00:00) to (ZUMZ, 2018-03-
31 00:00:00)
Data columns (total 6 columns):
return_1m 521806 non-null float64
return_2m 521806 non-null float64
return_3m 521806 non-null float64
return_6m 521806 non-null float64
return_9m 521806 non-null float64
return_12m 521806 non-null float6
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We can use these results to compute momentum factors based on the difference between
returns over longer periods and the most recent monthly return, as well as for the
difference between 3- and 12-month returns, as follows:

for lag in [2,3,6,9,12]:
data[f'momentum_{lag}'] = data[f'return_{lag}m'].sub(data.return_1im)
data[f'momentum_3_12'] = data[f'return_12m'].sub(data.return_3m)

Using lagged returns and different holding periods

To use lagged values as input variables or features associated with the current observations,
we use the .shift() method to move historical returns up to the current period:

for t in range(1, 7):
data[f'return_im_t-{t}'] = data.groupby(level="ticker"').return_1im.
shift(t)

Similarly, to compute returns for various holding periods, we use the normalized period
returns computed previously and shift them back to align them with the current financial
features:

for t in [1,2,3,6,12]:
data[f'target_{t}m'] = (data.groupby(level="ticker")
[f'return_{t}m'].shift(-t))

The notebook also demonstrates how to compute various descriptive statistics for the
different return series and visualize their correlation using the seaborn library.

Computing factor betas

We will introduce the Fama-French data to estimate the exposure of assets to common

risk factors using linear regression in Chapter 7, Linear Models - From Risk Factors to

Return Forecasts. The five Fama-French factors, namely market risk, size, value, operating
profitability, and investment, have been shown empirically to explain asset returns. They
are commonly used to assess the exposure of a portfolio to well-known drivers of risk and
returns, where the unexplained portion is then attributed to the manager's idiosyncratic
skill. Hence, it is natural to include past factor exposures as financial features in models that
aim to predict future returns.

We can access the historical factor returns using the pandas-datareader and estimate
historical exposures using the PandasRol11ingOLS rolling linear regression functionality in
the pyfinance library, as follows:
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factors = ['Mkt-RF', 'SMB', 'HML', 'RMW', 'CMA']
factor_data = web.DataReader('F-F_Research_Data_5_Factors_2x3',
"famafrench', start='2000')[0].drop('RF', axis=1)
factor_data.index = factor_data.index.to_timestamp()
factor_data = factor_data.resample('M').last().div(100)
factor_data.index.name = 'date’
factor_data = factor_data.join(data['return_1m']).sort_index()
T =24
betas = (factor_data
.groupby(level="ticker', group_keys=False)
.apply(lambda x: PandasRollingOLS(window=min(T, x.shape[0]-1), y=X.
return_1im, x=x.drop('return_1im', axis=1)).beta))

As mentioned previously, we will explore both the Fama-French factor model and linear
regression in Chapter 7, Linear Models - From Risk Factors to Return Forecasts, in more detail.
See the notebook feature_engineering. ipynb for additional examples, including the
computation of lagged and forward returns.

How to add momentum factors

We can use the 1-month and 3-month results to compute simple momentum factors. The
following code example shows how to compute the difference between returns over longer
periods and the most recent monthly return, as well as for the difference between 3- and
12-month returns:

for lag in [2,3,6,9,12]:
data[f'momentum_{lag}'] = data[f'return_{lag}m'].sub(data.return_1im)
data[f'momentum_3_12'] = data[f'return_12m'].sub(data.return_3m)

Adding time indicators to capture seasonal effects

Basic factors also include seasonal anomalies like the January effect, which has been
observed to cause higher returns for stocks during this month, possibly for tax reasons.
This and other seasonal effects can be modeled through indicator variables that represent
specific time periods such as the year and/or the month. These can be generated as follows:

dates = data.index.get_level values('date')
data[ 'year'] = dates.year
data[ 'month'] = dates.month

How to create lagged return features

If you want to use lagged returns, that is, returns from previous periods as input variables
or features to train a model that learns return patterns to predict future returns, you can
use the .shift() method to move historical returns up to the current period. The following
example moves the returns for the periods 1 to 6 months ago up by the corresponding lag
so that they are associated with the observation for the current month:

for t in range(1, 7):
data[f'return_1m_t-{t}'] = data.groupby(level="ticker"').return_im.shift(t)
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How to create forward returns

Similarly, you can create forward returns for the current period, that is, returns that will
occur in the future, using . shift() with a negative period (assuming your data is sorted in
ascending order):

for t in [1,2,3,6,12]:
data[f'target_{t}m'] = (data.groupby(level="ticker")
[f'return_{t}m'].shift(-t))

We will use forward returns when we train ML models starting in Chapter 6, The Machine
Learning Process.

How to use TA-Lib to create technical alpha factors

TA-Lib is an open source library written in C++ with a Python interface that is widely
used by trading software developers. It contains standardized implementations of over
200 popular indicators for technical analysis; that is, these indicators only use market data,
namely price and volume information.

TA-Lib is compatible with pandas and NumPy, rendering its usage very straightforward.
The following examples demonstrate how to compute two popular indicators.

Bollinger Bands consist of a simple moving average (SMA) surrounded by bands

two rolling standard deviations below and above the SMA. It was introduced for the
visualization of potential overbought/oversold conditions when the price dipped outside
the two bands on the upper or lower side, respectively. The inventor, John Bollinger,
actually recommended a trading system of 22 rules that generate trade signals.

We can compute the Bollinger Bands and, for comparison, the relative strength index
described earlier in this section on popular alpha factors as follows.

We load the adjusted close for a single stock —in this case, AAPL:

with pd.HDFStore(DATA STORE) as store:
data = (store['quandl/wiki/prices']
.loc[idx['2007':'20108"', 'AAPL'],
['adj_open', "adj_high', 'adj_low', 'adj_close',
‘adj_volume']]
.unstack('ticker")
.swaplevel(axis=1)
.loc[:, "AAPL']
.rename(columns=lambda x: x.replace('adj_', "'")))

Then, we pass the one-dimensional pd.Series through the relevant TA-Lib functions:

from talib import RSI, BBANDS

up, mid, low = BBANDS(data.close, timeperiod=21, nbdevup=2, nbdevdn=2,
matype=0)

rsi = RSI(adj_close, timeperiod=14)
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Then, we collect the results in a DataFrame and plot the Bollinger Bands with the AAPL
stock price and the RSI with the 30/70 lines, which suggest long/short opportunities:

data = pd.DataFrame({'AAPL': data.close, 'BB Up': up, 'BB Mid': mid,

"BB down': low, 'RSI': rsi})
fig, axes= plt.subplots(nrows=2, figsize=(15, 8))
data.drop('RSI', axis=1).plot(ax=axes[0], lw=1, title='Bollinger Bands')
data[ 'RSI'].plot(ax=axes[1], lw=1, title='Relative Strength Index')
axes[1].axhline(70, 1lw=1, 1ls="'--', c='k")
axes[1].axhline(30, lw=1, 1ls="'--', c='k")

The result, shown in Figure 4.4, is rather mixed —both indicators suggested overbought
conditions during the early post-crisis recovery when the price continued to rise:
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Figure 4.4: Bollinger Bands and relative strength index

Denoising alpha factors with the Kalman filter

The concept of noise in data relates to the domain of signal processing, which aims to
retrieve the correct information from a signal sent, for example, through the air in the form
of electromagnetic waves. As the waves move through space, environmental interference
can be added to the originally pure signal in the form of noise, making it necessary to
separate the two once received.

The Kalman filter was introduced in 1960 and has become very popular for many
applications that require processing noisy data because it permits more accurate estimates
of the underlying signal.
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This technique is widely used to track objects in computer vision, to support the
localization and navigation of aircraft and spaceships, and to control robotic motion based
on noisy sensor data, besides its use in time series analysis.

Noise is used similarly in data science, finance, and other domains, implying that the raw
data contains useful information, for instance, in terms of trading signals, that needs to be
extracted and separated from irrelevant, extraneous information. Clearly, the fact that we
do not know the true signal can make this separation rather challenging at times.

We will first review how the Kalman filter works and which assumptions it makes to
achieve its objectives. Then, we will demonstrate how to apply it to financial data using the
pykalman library.

How does the Kalman filter work?

The Kalman filter is a dynamic linear model of sequential data like a time series that adapts
to new information as it arrives. Rather than using a fixed-size window like a moving
average or a given set of weights like an exponential moving average, it incorporates new
data into its estimates of the current value of the time series based on a probabilistic model.

More specifically, the Kalman filter is a probabilistic model of a sequence of observations
Z,, Z, ..., zy and a corresponding sequence of hidden states x, x,, ..., x, (with the notation
used by the pykalman library that we will demonstrate here). This can be represented by
the following graph:

Hidden States @ @ @

Figure 4.5: Kalman filter as a graphical model

Technically speaking, the Kalman filter takes a Bayesian approach that propagates the
posterior distribution of the state variables x given their measurements z over time (see
Chapter 10, Bayesian ML - Dynamic Sharpe Ratios and Pairs Trading, for more details on
Bayesian inference). We can also view it as an unsupervised algorithm for tracking a single
object in a continuous state space, where we will take the object to be, for example, the
value of or returns on a security, or an alpha factor (see Chapter 13, Data-Driven Risk Factors
and Asset Allocation with Unsupervised Learning).
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To recover the hidden states from a sequence of observations that may become available in
real time, the algorithm iterates between two steps:

1. Prediction step: Estimate the current state of the process.

2. Measurement step: Use noisy observations to update its estimate by averaging the
information from both steps in a way that weighs more certain estimates higher.

The basic idea behind the algorithm is as follows: certain assumptions about a dynamic
system and a history of corresponding measurements will allow us to estimate the system's
state in a way that maximizes the probability of the previous measurements.

To achieve its objective of recovering the hidden state, the Kalman filter makes the
following assumptions:

* The system that we are modeling behaves in a linear fashion.

* The hidden state process is a Markov chain so that the current hidden state x,
depends only on the most recent prior hidden state x, ,.

* Measurements are subject to Gaussian, uncorrelated noise with constant covariance.

As a result, the Kalman filter is similar to a hidden Markov model, except that the state
space of the latent variables is continuous, and both hidden and observed variables have
normal distributions, denoted as NV (i, 6) with mean u and standard

In mathematical terms, the key components of the model (and corresponding parameters in
the pykalman implementation) are:

* The initial hidden state has a normal distribution: x,~N (u, Z,) with initial_
state_mean, 1 and initial_state_covariance, ¥.

e The hidden state x,,, is an affine transformation of x, with transition_matrix A,
transition_offset b, and added Gaussian noise with transition_covariance Q:

Xepq = Aexe + by + Ezt1+1; Etl“’N(O' Q).

* The observation z, is an affine transformation of the hidden state x, with
observation_matrix C, observation_offset d, and added Gaussian noise with
observation_covariance R: z; = Cyxy + d; + €2, €2~N(0,R).

Among the advantages of a Kalman filter is that it flexibly adapts to non-stationary data
with changing distributional characteristics (see Chapter 9, Time-Series Models for Volatility
Forecasts and Statistical Arbitrage, for more details on stationarity).

Key disadvantages are the assumptions of linearity and Gaussian noise that financial
data often violate. To address these shortcomings, the Kalman filter has been extended to
systems with nonlinear dynamics in the form of the extended and the unscented Kalman
filters. The particle filter is an alternative approach that uses sampling-based Monte Carlo
approaches to estimate non-normal distributions.
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How to apply a Kalman filter using pykalman

The Kalman filter is particularly useful for rolling estimates of data values or model
parameters that change over time. This is because it adapts its estimates at every time step
based on new observations and tends to weigh recent observations more heavily.

Except for conventional moving averages, the Kalman filter does not require us to specify
the length of a window used for the estimate. Rather, we start out with our estimate of the
mean and covariance of the hidden state and let the Kalman filter correct our estimates
based on periodic observations. The code examples for this section are in the notebook
kalman_filter_and_wavelets.ipynb.

The following code example shows how to apply the Kalman filter to smoothen the S&P
500 stock price series for the 2008-09 period:

with pd.HDFStore(DATA STORE) as store:
sp500 = store['sp500/stooq’'].loc['2008': '2009', 'close']

We initialize the KalmanFilter with unit covariance matrices and zero means (see
the pykalman documentation for advice on dealing with the challenges of choosing
appropriate initial values):

from pykalman import KalmanFilter

kf = KalmanFilter(transition_matrices = [1],
observation_matrices = [1],
initial_state_mean = 0,
initial_state_covariance = 1,
observation_covariance=1,
transition_covariance=.01)

Then, we run the filter method to trigger the forward algorithm, which iteratively
estimates the hidden state, that is, the mean of the time series:

state_means, _ = kf.filter(sp500)
Finally, we add moving averages for comparison and plot the result:

sp500_smoothed = sp500.to _frame('close')
sp500_smoothed[ 'Kalman Filter'] = state_means
for months in [1, 2, 3]:
sp500_smoothed[f'MA ({months}m)'] = (sp500.rolling(window=months * 21)
.mean())
ax = sp500_smoothed.plot(title="'Kalman Filter vs Moving Average',
figsize=(14, 6), lw=1, rot=0)
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The resulting plot in Figure 4.6 shows that the Kalman filter performs similarly to a 1-month
moving average but is more sensitive to changes in the behavior of the time series:

Kalman Filter vs Moving Average
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Figure 4.6: Kalman filter versus moving average

How to preprocess your noisy signals using wavelets

Wavelets are related to Fourier analysis, which combines sine and cosine waves at different
frequencies to approximate noisy signals. While Fourier analysis is particularly useful to
translate signals from the time to the frequency domain, wavelets are useful for filtering
out specific patterns that may occur at different scales, which, in turn, may correspond to

a frequency range.

Wavelets are functions or wave-like patterns that decompose a discrete or continuous-
time signal into components of different scales. A wavelet transform, in turn, represents a
function using wavelets as scaled and translated copies of a finite-length waveform. This
transform has advantages over Fourier transforms for functions with discontinuities and
sharp peaks, and to approximate non-periodic or non-stationary signals.

To denoise a signal, you can use wavelet shrinkage and thresholding methods. First, you
choose a specific wavelet pattern to decompose a dataset. The wavelet transform yields
coefficients that correspond to details in the dataset.

The idea of thresholding is simply to omit all coefficients below a particular cutoff,
assuming that they represent minor details that are not necessary to represent the true
signal. These remaining coefficients are then used in an inverse wavelet transformation to
reconstruct the (denoised) dataset.

We'll now use the pywavelets library to apply wavelets to noisy stock data. The following
code example illustrates how to denoise the S&P 500 returns using a forward and inverse
wavelet transform with a Daubechies 6 wavelet and different threshold values.
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First, we generate daily S&P 500 returns for the 2008-09 period:

signal = (pd.read_hdf(DATA _STORE, 'sp500/stooq')
.loc['2008"': '2009']
.close.pct_change()
.dropna())

Then, we select one of the Daubechies wavelets from the numerous built-in wavelet
functions:

import pywt

pywt.families(short=False)

['Haar', 'Daubechies', 'Symlets', 'Coiflets', 'Biorthogonal’, 'Reverse
biorthogonal', ‘'Discrete Meyer (FIR Approximation)', 'Gaussian', 'Mexican
hat wavelet', 'Morlet wavelet', 'Complex Gaussian wavelets', 'Shannon
wavelets', 'Frequency B-Spline wavelets', 'Complex Morlet wavelets']

The Daubechies 6 wavelet is defined by a scaling function { and the wavelet function
¢ itself (see the PyWavelet documentation for details and the accompanying notebook
kalman_filter_and_wavelets.ipynb for plots of all built-in wavelet functions):

Daubechies
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Figure 4.7: Daubechies wavelets

Given a wavelet function, we first decompose the return signal using the .wavedec function,
which yields the coefficients for the wavelet transform. Next, we filter out all coefficients
above a given threshold and then reconstruct the signal using only those coefficients using
the inverse transform .waverec:

wavelet = "dbe"
for i, scale in enumerate([.1, .5]):

coeficients 