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Machine Learning and A.I.
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Factors Leading to Big Data Revolution

Link:  Google “Big Data and AI Strategies PDF”
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Common Misconceptions around Big Data in Investing/Trading
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Classification of Alternative Data Sets
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Attributes of Alternative Data
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Information Content of an Alternative Data Set
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Illustration of Machine Learning Categories
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Machine Learning Techniques

Taxonomy of Machine Learning Algorithms

Trade-off between ‘model bias’ and ‘model variance’

Techniques to find the right model:

• Analytical Approach: AIC, BIC

• Efficient Sample Re-use: cross-validation, 
bootstrap

• Regularization: penalty function
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Big Data Workflow

Data to Trade Ideas 

BAML Workflow
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Typical Length of History for Alternative Data Sets
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Alternative Data From Individual Activity

• Named entity extraction • Intention and sentiment

• Theme and category extraction • Relevance and influence

Sentiment Analysis

• Winograd’s schema and linguistic idiosyncrasies

Limitations

• Ravenpack • Descartes Labs (Commodity)

• Gnip (Twitter) • Social Alpha (ETF)

Cross-asset

• Data Minr (Fundamental) • DataSift (uses LexAnalytics)

• LexAnalytics (raw NLP engine for quant)

Client focus

• GDELT (news) • Repustate (multi-language)

• Inferess (Asia) • Heckyl (for VC/PE firms)

Others

• App Annie/AppTopia (for mobile apps) • Google Trends (search)

• Yipit (website) • Return Path (email data)

Specialized websites 
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Alternative Data From Individual Activity
Case Study: Using Twitter to trade S&P 500
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Alternative Data From Individual Activity
Case Study: Using News Sentiment to Trade Eq/Bonds/FX/Comdty (Ravenpack)

Daily performance of long (top 3)/short (bottom 3): Bond, Equity, FX

Performance of signals with different lookback windows: Bond, Equity, FX

Correlation of sentiment strategy with traditional Risk Premia: Bond, Equity FX
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Alternative Data From Business Activity

• International: IMF, WorldBank, WTO

•Federal: Fed Reserve, China

•City: San Francisco, New York

Public Agencies

•Point of sale: Nielsen

• Intercompany payments: D&B

•Consumer transaction: Yodlee, Second Measure, Earnest

•Newer Transaction: Bill of lading (EagleAlpha), Online retail (Slice)

•Building Permit: BuildFax

Commercial Transactions

•Traditional Private Agencies: Edmunds (Car), Redbook (SSS trends), SNL Financial 
(Cable/Broadcast)

•Market microstructure: Tick Data

Other Private Agencies 

•Sampling bias: demography, geography, income

•Short history; Error prone (seasonality)

•Alternate flows (DDA accounts) exist

•New ideas: Predict inflection point in BLS non-farm payroll

Challenges in alternative data from business activity
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Alternative Data From Business Activity
Case study: Emailed Receipts to trade US Equities

80% of all online purchases, >5000 retailers

Sharpe ratios using long/short strategies for dollar spend, buyer count and order count data

Performance of level and time-series z-score of changes 
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Alternative Data From Data From Sensors

Satellite Launch

•Planet Labs

AI to process images

•Orbital Insights

Trading Signals

•RS Metrics

• Car count (Orbital Insight)

• Wheat/Corn (RezaTec)

• Maritime (Windward)

• Cushing oil (Genscape)

• Copper/Zinc (RS Metrics)

• Challenges: clouds, seasonality, history

Satellite Data

• From ads – triangulation (Placed)

• From 3G and WiFi (AirSage)

• From apps (Advan Research)

Geolocation Data for Footfall

• Store Front: Cameras (Nomi) / Thermal (Irisys)

• Foot (ShopperTrak)

• Ceiling (RetailNext)

• Combined (Percolata)

Other Sensors
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Alternative Data From Data From Sensors
Case Study: Using Cellular Location to Estimate Retail Sales

Success rate in predicting next quarter sales using footfall data

Performance of long and short legs (left) and long/short strategy vs S&P500 (right)

Signal Generation from Foot Fall Traffic Data

𝑡𝑟𝑎𝑓𝑓𝑖𝑐 =
 𝑎𝑐𝑟𝑜𝑠𝑠 𝑠𝑒𝑙𝑒𝑐𝑡 𝑎𝑝𝑝𝑠%𝑑𝑒𝑣𝑖𝑐𝑒𝑠 𝑖𝑛 𝑠𝑡𝑜𝑟𝑒 ∗ 𝑑𝑒𝑣𝑖𝑐𝑒𝑠

 𝑎𝑐𝑟𝑜𝑠𝑠 𝑠𝑒𝑙𝑒𝑐𝑡 𝑎𝑝𝑝𝑠𝑑𝑒𝑣𝑖𝑐𝑒𝑠

𝑆𝑎𝑙𝑒𝑠𝑖+1 = 𝑆𝑎𝑙𝑒𝑠𝑖
 𝑒𝑎𝑐ℎ 𝑑𝑎𝑦 𝑖𝑛 𝑄 𝑖+1 𝑡𝑟𝑎𝑓𝑓𝑖𝑐

 𝑒𝑎𝑐ℎ 𝑑𝑎𝑡𝑎 𝑖𝑛 𝑄 𝑖 𝑡𝑟𝑎𝑓𝑓𝑖𝑐

If 𝑆𝑎𝑙𝑒𝑠𝑖+1 > analyst estimates, long the stock, else short.



19

Alternative Data From Data From Sensors
Case Study: Using Car Counts to Trade Retail Stocks

Sample satellite image (RS Metrics)

Performance of retail stock strategy using car count signal

Bollinger bands for car count growth used for signal
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Part One:

Overview of Big Data and Machine Learning

Part Two:

Alternative Data

Part Three:

Machine Learning and A.I.
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Statistics vs ML, and what can ML do for me?

Statistics vs Machine Learning: terminology

Frequently used Machine Learning methods
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Skillset of a Data Scientist within Markets

Technology

Languages 
& Concepts

Algorithms
Big Data 

Tools

Domain 
Knowledge

Economic Theory
Finance: Theory 
and Instruments

Current Affairs 
and Market 

History

Quant

P-Quant Q-Quant

Data Scientist 
Skillset
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What is “Data Science” ?

Mathematics/
Statistics

Electrical 
Engineering

Computer 
Science

Economics/
Finance

Statistics

Signal 
Processing

Machine 
Learning & A.I.

Econometrics

Combine prior 
intuition with data

Separate signal from 
noise

Extract pattern from 
data and extrapolate

Distinguish causation 
from correlation

Data Science

Tool
Department 

within Academia
Sample Application  to 

Data Analysis

Ridge, LASSO

Hodrick-
Prescott, HMM

Convolutional 
Neural Network

Box-Jenkins

Example 
Algorithms Used
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Identifying key drivers via regularization
Application: Improving CTA Strategy

Predicting returns (Y) of 4 assets: S&P500, 7-10Y Treasury Bond Index, US Dollar, Gold
Momentum-based Features (X): 1,3,6,12M Lagged returns of same 4 assets (16 total)

Objective Functions
• Lasso: 𝑌 − β0 +  β𝑖𝑥𝑖

2 + 𝛼 β𝑖

• Ridge: 𝑌 − β0 +  β𝑖𝑥𝑖
2 + 𝛼 β𝑖

2

• Elastic Net: 𝑌 − β0 +  β𝑖𝑥𝑖
2 + 𝛼1 β𝑖 + 𝛼2 β𝑖

2

Result for 7-10 Treasury Bond Index: Lasso (𝛼 = 0.001) yields IR = 0.67
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Macro Regime Identification for Style Rotation
K-Nearest Neighbors and LOESS

Using the values of macro indicator as vector in Euclidean space, find the 𝐾 dates in 
history most like today.  Then, long the 𝑆 risk premia strategies that performed best.

K-Nearest Neighbors to identify the Macro Regime for a long only strategy

Strategy results with K=2, S=14
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Predicting returns for ETF Sector rotation
Extreme Gradient Boosted Trees using Macro Factors

Objective Function (with MSE training loss)

𝑜𝑏𝑗 𝜃 = 

𝑖

𝑦𝑖 −  𝑦𝑖
2 + Ω 𝜃

Ω 𝑓 = 𝛾𝑇 +
1

2
𝜆 𝑤𝑗

2

Predicting sector returns (𝒀𝒌): 9 US Sector ETFs (financials, energy, utilities, healthcare, industrials, technology, cons staples, 
cons discretionary, materials)
Macro-style Features (𝑿𝒊): Oil, Gold, Dollar, Bonds, Economic Surprise Index, 10-2Y spread, IG and HY credit spreads
Long/short strategy performance 25 estimators and a maximum depth of 3: Sharpe 0.91

Daily (left) and cumulative returns (right).

The predictive power of the base estimators (decision trees-left) are enhanced through boosting and regularization.
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Equity Call overwriting based on Accounting Parameters
Logistic Regression 
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Predicting FX Vol Option PnL using Macro Factors
Principal Component Analysis + Support Vector Machines

Measuring up

• Precision: 
𝑇𝑝

𝑇𝑝+𝐹𝑝

• Recall: 
𝑇𝑝

𝑇𝑝+𝐹𝑛

• Harmonic Mean (F1): 
1

1

𝑃
+
1

𝑅

Support Vector Machine and Classification 

PCA to reduce dimensionality and algorithm for classification to buy/sell/remain neutral on ATM EURUSD

Nice analytical properties made SVM popular in academic 
circles…

min
𝑤,𝑏,𝜁

1

2
𝑤𝑇𝑤 + 𝐶 

𝑖

𝜁𝑖

𝑠. 𝑡. 𝑦𝑖 𝑤
𝑇𝜙 𝑥𝑖 + 𝑏 ≥ 1 − 𝜁𝑖

𝜁𝑖 ≥ 0, 𝑖 = 1,… , 𝑛

Market data from 377 Features…  … to predict ATM EURUSD outcome
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Equity L/S using Accounting Parameters 
Random Forests 

14 Accounting parameters to predict the returns of 1400 single name stocks

Bagging Decision Trees: Random Forests

Reducing Variance via Bagging:

𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒~ 𝜌𝜎2 +
1−𝜌

𝐵
𝜎2
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Regime Detection For Market Timing
Hidden Markov Model 

Using HMMs to estimate the probability of being in an up or 
down ‘state’ on the last trading day of each month.

Long/short  S&P 500 when model predicts up/down gives 
better results than long S&P only.

Returns and volatility clearly show characteristics of their 
respective regimes
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Uncovering structure in US Equities and Risk Premia
Unsupervised Learning Techniques

Hierarchical Clustering US ETFs Minimum Spanning Tree: Risk Premia
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Understanding the USD-JPY Volatility Surface
Principal Components Analysis (PCA)

First 3 principal components of USDJPY… 

Explains a large proportion of the variance
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Deep Learning and AI

Example Neural Network with 2 hidden layers (4 neurons each), 3 input variables, and 1 output variable

Additional attributes that characterize a neural network
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Predicting returns for ETF Sector rotation
Neural Networks with Macro Factors

Predicting sector returns (𝒀𝒌): 9 US Sector ETFs (financials, energy, utilities, healthcare, industrials, technology, cons staples, 
cons discretionary, materials)
Macro-style Features (𝑿𝒊): Oil, Gold, Dollar, Bonds, Economic Surprise Index, 10-2Y spread, IG and HY credit spreads

Example code for Neural Network architecture
8 neurons at input layer, 8 neurons in hidden layer, single output
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Future: Remembering & Picturing trends
LSTM and CNN

Long Short-Term Memory Network architecture is a class of 
Recurrent Neural Networks (RNNs), allowing for retention of 
recent events.

Convolutional neural networks are state of the art image classifiers (left: classifying handwritten digits).  Potentially, the 
same technology can be used to identify technical patterns.

Initial results are not conclusive, but future work in 
progress
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Neural Networks for Dimensionality Reduction
FX trading example using Restricted Boltzmann Machines

RBM: A graphical model for factor 
analysis

Theory
𝐸 𝑣, ℎ = 𝑎𝑇𝑣 − 𝑏𝑇ℎ − 𝑣𝑇𝑊ℎ

𝑃 𝑣, ℎ =
1

𝑍
𝑒−𝐸 𝑣,ℎ

𝑎𝑟𝑔𝑚𝑎𝑥
𝑊

 

𝑣∈𝑉

𝑃 𝑉

Performance

Annual Return 4.5%

Annual Volatility 6.7%

Sharpe Ratio 0.7

𝜌 to SPX 13.8%

𝜌 to DXY -6%

Data

•FX Assets: AUD, CAD, 
CHF, DKK, EUR, GBP, 
JPY, NOK, NZD, SEK

Features

•Lagged daily return 
over past 10days 
(=100 features)

Neural Network : 
Dimensionality 

Reduction

•RBM on scaled inputs 
(µ=-, r=1) to get to 20 
factors

Supervised 
Learning: Predict 
next day returns

•Support vector 
regression 
(c:regularization term, 
𝛾: RBF kernel

Long/short

•Daily rebalancing: 
Long top 3, short 
bottom 3

Other applications: Collaborative filtering, topic modeling, classification
Hype: TBD in initial phase of deep learning
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Reinforcement Learning: Premise for Ever-Improving AI
From self-driving cars to algorithmic execution

Bellman Equations: Handling partially observable Markov decision models

• Sequence of status/actions/reward: 𝑠0, 𝑎0, 𝑟0, … , 𝑠𝑛, 𝑎𝑛, 𝑟𝑛

• Discounted future reward: 𝑅𝑡 = 𝑟𝑡 + 𝛾𝑟𝑡+1 +⋯+ 𝛾𝑛−𝑡𝑟𝑛

• 𝑄 𝑠𝑡, 𝑎𝑡 = max
𝑎𝑡

𝑅𝑡+1 ⇄ 𝜋 𝑠 = max
𝑎

𝑄(𝑠, 𝑎)

• 𝑄 𝑠𝑡, 𝑎𝑡 = 𝑟𝑡 + max
𝑎𝑡+1

𝑄(𝑠𝑡+1, 𝑎𝑡+1)

Supervised Learning
Output known at 
every step

Unsupervised Learning
No known outputs

Reinforcement Learning
Outputs known after 
multiple steps

• PnL/outcome not known after one step, but after 
multiple steps.

• Make predictions repeatedly and improve relentlessly.
• Evolved as approximation to dynamic programming 

when state space is unknown.
• 2 challenges define Deep Q-Learning:

• Explore vs Exploit
• Credit Assignment Problem
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Reinforcement Learning in Practice

• Attempts to incorporate within HFT and sell-side algorithmic execution: 
Limited success so far

• Competitor’s attempt to use Deep Q-learning in Limit Order Placement 
module

• Aim: Minimize slippage within constraints

Inputs

Mkt/price data (eg
spread)

Execution data (eg
fills + realized pov

rate)

Mkt signal (eg order 
flow + momentum)

Model estimation (eg
volume/volatility 

prediction)

Constraints

Schedule (eg
quantity/time 

horizon)

Order (eg limit 
price)

Client (eg aversion 
to risk)

Model parameters 
(eg evaluation 
frequencies)

LOPM

Choose between 
passive and 

aggressive orders
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Conclusions

• Big/Alternative Data and Machine Learning are here 
to stay

Evolution or 
Revolution

• By individuals, business processes and sensors –
with sentiment, transaction, geo-location and 
satellite as exemplars

Taxonomy of 
Alternative Data

• Tools drawn from econometrics, signal processing, 
statistical learning and AI

Taxonomy of Data 
Analysis

• Impact across the investment landscape, including 
stock selection, sector/style rotation, yield 
generation and portfolio construction.

Impact of 
Machine Learning


