
Analyzing Exchange-Traded Funds
Knowledge Discovery with Bayesian Networks
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Your BayesiaLab Team Today

stefan.conrady@bayesia.us stacey.blodgett@bayesia.us clare.gora@bayesia.us
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Introduction

Motivation & Theory

• Alien Knowledge vs. Deep Understanding

• Bayesian Networks as Modeling Framework

Analyzing Exchange-Traded Funds

• Example: ETF Flows by Investment Focus

• Unsupervised Learning

• Daily Flows by Investment Focus

• Daily AUM Change by Ticker Symbol

• 2D/3D Mapping & VR

Today’s Program

stefan.conrady@bayesia.us

40 min.

20 min.

9

1,147
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Disambiguation

BayesiaLab.com

Our Company Our Product

The Paradigm
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Co-founded in 2001

by Dr. Lionel Jouffe &

Dr. Paul Munteanu

BayesiaLab.com
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A Practical Introduction for Researchers

• Free download:

www.bayesia.com/book

• Hardcopy available on Amazon:

http://amzn.com/0996533303

Bayesian Networks & BayesiaLab

BayesiaLab.com

15,000
Downloads
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A desktop software for:

• encoding

• learning

• editing

• performing inference

• analyzing

• simulating

• optimizing

with Bayesian networks.
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Webinar Slides, Data, and Recording Available

stefan.conrady@bayesia.us
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Motivation: Understanding ETFs
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Naïve Questions:

• How does capital flow between 

Exchange-Traded Funds?

• Are there specific sectors and 

industry that compete for capital?

• Which funds compete?

• How do risks compare between 

difference funds and sectors?

Motivation & Background
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15BayesiaLab.com
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Alien Knowledge

BayesiaLab.com
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Black Box

BayesiaLab.com
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Today’s Objective

BayesiaLab.com

A black-box model that is thinking 
and reasoning on your behalf.

A model to help you understand, 
think, and reason.



19

Map of Analytic Modeling & Reasoning

BayesiaLab.com
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Map of Analytic Modeling & Reasoning

BayesiaLab.com

Machine Learning
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Map of Analytic Modeling & Reasoning

BayesiaLab.com

Reasoning with Theory
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Map of Analytic Modeling & Reasoning

BayesiaLab.com

Machine Learning
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Map of Analytic Modeling & Reasoning

BayesiaLab.com

Machine Learning

No Causality with 
Machine Learning!
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Map of Analytic Modeling & Reasoning

BayesiaLab.com

Network Graph 
 Interpretability
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The Modeling Framework

BayesiaLab.com
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Knowledge Discovery in the Stock Market

BayesiaLab.com
Analyzing Exchange-Traded Funds 
Knowledge Discovery & Interpretation
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Today’s Workflow

• Examples with an increasing number of variables:

Exchange-Traded Funds

9  <  51  <  1,147
Conceptual illustration of Bayesian 

networks representing a joint 
probability distribution.

Machine learning a Bayesian 
network with BayesiaLab.
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Data Available for Analysis

• 1,147 Exchange-Traded Funds

• Timeframe: January 2014 – April 2018

• Variables

• Assets under Management

• Daily Flow

• Net Asset Value

• Asset Class (e.g., Equity, Commodities, Fixed Income, Currency, etc.)

• Investment Focus/Theme (e.g., Broad Equity, Technology, High Yield, etc.)

• Geographic Focus (e.g., Asia-Pacific, North America, Global, etc.)

• Development Level (e.g., Developed Markets, Emerging Markets, Frontier Markets, etc.)

Exchange-Traded Funds

Source: ETF Global LLC via Quandly
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9 Investment Focus Areas, e.g., Industrials, Energy, Alpha-Seeking, etc.

Example: ETF Flows by Investment Focus
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• Jan. 2014–Apr. 2018
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Deep Understanding

Deep
Understanding
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Why is this 
almost useless?

Default Approach: Correlation Matrix?
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“Deep understanding means knowing, not 
merely how things behaved yesterday, but 
also how things will behave under new 
hypothetical circumstances...”
Judea Pearl, Causality (2009), Cambridge University 
Press

What if the stars 
were aligned in a 
certain way?

Deep Understanding
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Capturing the Joint Distribution of 9 Flow Variables:

Joint Probability Distribution

Not tractable for dozens, 
hundreds or thousands of 

variables!

For 9 variables with only 
3 states each (negative, 
zero, positive), we would 
need a table with 
19,682 cells.
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Probabilistic Inference in Structured Distributions

Naively specifying all the entries of a table p(x1,...,xN ) over binary 
variables xi takes O(2N) space. We will need to deal with large 
numbers of variables in machine learning and related application 
areas, with distributions on potentially hundreds if not millions of 
variables. The only way to deal with such large distributions is to 
constrain the nature of the variable interactions in some manner, 
both to render specification and ultimately inference in such systems 
tractable. The key idea is to specify which variables are independent 
of others, leading to a structured factorisation of the joint probability 
distribution. Belief Networks are a convenient framework for 
representing such factorisations into local conditional distributions.

The New Paradigm: Bayesian Networks
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Representing the Joint Probability Distribution as a Bayesian Network

The New Paradigm: Bayesian Networks

Leveraging 
Independencies

Fully-connected network*
Perfect representation, but intractable.

“Learned” network*
Approximate representation, but tractable.

*Arc directions are omitted for visual clarity
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Compare Learning a Bayesian Network to Image Compression

The New Paradigm: Bayesian Networks

Compression

Perfect representation,
but unmanageably large.

Approximate representation,
but tractable.
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Benefits of Bayesian Network Representation

The New Paradigm: Bayesian Networks

Computational
Inference

Human
Comprehension

Except for the arc directions, this 
network is directly interpretable.
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“The Mechanics”

The New Paradigm: Bayesian Networks

Node

Arc
Conditional 

Probability Table
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Under the Hood

The New Paradigm: Bayesian Networks
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Bayesian Network Learning

Daily ETF Flow
By Investment Focus

No distinction between dependent and 
independent variables
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Objective

• Learn single model for all 51 variables.

• No target!

Bayesian Network Learning
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Learning=Searching
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Minimum Description Length

• DL(B) is the number of bits 
to represent the Bayesian 
network B (graph and 
probabilities), and

• DL(D|B) is the number of 
bits to represent the dataset 
D given the Bayesian network 
B (likelihood of the data 
given the Bayesian network).

Learning=Searching

BayesiaLab.com

FitComplexity

DL(B) DL(D|B)

MDL(B,D)=ߙ⋅DL(B)+DL(D|B)

Structural Coefficient α
Default
α=1
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Unsupervised Learning

• Analysis of Daily Flow by Investment Focus

• 51 variables

• EQ Learning

• Analysis of Daily AUM Change (Assets Under 

Management) by Ticker Symbol

• 1,147 Variables

• Maximum Weight Spanning Tree Learning

Exchange-Traded Funds
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Data Import Wizard
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Variable Type Definition



47
Missing Values Processing
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Discretization
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Unconnected Network
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Unsupervised Learning 
Using the EQ Algorithm
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Automatic Layout
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2D Mapping
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3D Mapping
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VR
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VR
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VR
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VR

In Conclusion…
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Upcoming Webinars:

• April 20 GIS Mapping with BayesiaLab

• May 3 Key Drivers Analysis of Criminal Sentencing (t.b.c.)

Register here: bayesia.com/events

Webinar Series: Friday at 1 p.m. (Central)
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• April 11–13

Sydney, Australia

• May 16–18

Seattle, WA

• June 26–28

Boston, MA

• July 23–25

San Francisco, CA

• August 29–31

London, UK

• September 26–28

New Delhi, India

• October 29–31

Chicago, IL

• December 4–6

New York, NY

BayesiaLab Courses Around the World in 2018

Learn More & Register: bayesia.com/events

stefan.conrady@bayesia.us
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Try BayesiaLab Today!

• Download Demo Version:

www.bayesialab.com/trial-download

• Apply for Unrestricted Evaluation Version:

www.bayesialab.com/evaluation

BayesiaLab Trial

BayesiaLab.com
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User Forum: bayesia.com/community
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Chicago

6th Annual BayesiaLab Conference in Chicago
November 1–2, 2018
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Thank You!

BayesiaLab.com

stefan.conrady@bayesia.us

linkedin.com/in/stefanconrady facebook.com/bayesia

BayesianNetwork


