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“Big Data” Meets “Deep Learning”

This presentation will 
address five questions:

1. What is our “Big Data” and how is it captured?
2. What is the nature of the signals that can be 

produced?
3. Can those signals produce Alpha in fundamental 

/ discretionary trading strategies?
4. Can those same metrics enhance returns in 

traditional quantitative / systematic portfolios?
5. Why does ML / AI work so well with “Big Data”?

“Big Data” Meets “Deep Learning”

Question 1.

What is our “Big Data”
and How is it

captured?

“Big Data” Meets “Deep Learning”
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How does this data get 
captured?

“Big Data” Meets “Deep Learning”

One way is to scan 
the web each and 

every night.

“Big Data” Meets “Deep Learning”

So, why doesn’t everyone do 
exactly that?

“Big Data” Meets “Deep Learning”
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• Web “Big Data” is truly big, roughly 30 zettabytes
• Bandwidth and Latency fluctuate day-to-day, hour-

to-hour
• Analysis requires sophisticated normalization 

strategies to allow comparisons over time
• Context and demographic issues require complex 

multi-variate analysis

The Web is Vast & Noisy

“Big Data” Meets “Deep Learning”

Question 2.

What is the nature of the 
signals that can be 

produced?

“Big Data” Meets “Deep Learning”

• Product, merchant or price comparisons
• Consumer forums and crowd sourced reviews

• Third party review sites
• Merchant site reviews

• Social media references

Business Intelligence

“Big Data” Meets “Deep Learning”

What do consumers mention 
on line that can be of interest 

to investors?

“Big Data” Meets “Deep Learning”
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We call each time a 
consumer refers to a 

corporate brand name as a 
“citation” of that brand.

“Big Data” Meets “Deep Learning”

Has anyone ever used 
consumer brand loyalty as a 

key investment metric?

“Big Data” Meets “Deep Learning”

Legendary investor Peter 
Lynch of the Fidelity 

Magellan Fund utilized what 
he called “the power of 
common knowledge” to 

select candidate equities that 
warranted his rigorous in-

depth fundamental analysis.
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He initially utilized de-facto focus groups 
of family, friends and co-workers to find 

which brands consumers preferred.

The idea of using “Brand Loyalties” to 
identify equities for further rigorous 

fundamental scrutiny was alive by 1977.

And it worked for Peter. From 1977-1990 
the average annual return experienced by 
Magellan’s shareholders was over 29%.

“Big Data” offers an opportunity to 
adapt this approach and bring it into the 

21st Century.
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“Big Data” research utilizes the world’s 
largest focus group – the Internet – to track 

the brand names cited by hundreds of 
millions of consumers every single night.

How can anyone make 
sense out of consumer 

“citations” of Brand Names?

“Big Data” Meets “Deep Learning”

• Seasonally Adjusted Citation Rates
• Percentile Rankings of Citation Share Growth 

• Percentiles normalize for coverage growth
• Share normalizes for bandwidth noise

• Correlation Data
• Citation share to revenue
• Causality Chain: Citation > Revenue > Earnings > Price

• Detection of “Event” Spikes (Samsung, UAL, Volkswagen)

“Citation” Statistics

“Big Data” Meets “Deep Learning”

Compliance Friendly

• All “Citations” are publicly available – anyone with a browser can see them.
• All of the data collected is totally anonymous, making the lexicon fully 

compliant with the GDPR and any other privacy regulations.
• The only material that we store is a cumulative lexicon (vocabulary list) of 

words being used on the internet on that day.
• Our lexicon is in full compliance with the United States Copyright Act of 

1976, 17 U.S.C. § 107. A statistical or lexicographic study of vocabularies 
found on the web constitutes a “fair use” research of words that are 
themselves in the public domain.

“Big Data” Meets “Deep Learning”
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Definitions:
• Luminosity: the amount of “citations” 

per unit of time.
• Relevance: how tightly the “citation” 

frequency correlates to revenue.

“Big Data” Meets “Deep Learning”

How many equities have 
sufficient “luminosity” to have 
a statistically robust signal?

(e.g., >3σ signal-to-noise ratio)

“Big Data” Meets “Deep Learning”

Roughly 65% of the
Russell 3000 have citation 
signal-to-noise ratios > 3σ.

“Big Data” Meets “Deep Learning”
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Question 3.

Can those signals produce 
Alpha in fundamental / 
discretionary trading 

strategies?

“Big Data” Meets “Deep Learning”

How do “citation” based 
metrics correlate with real-

world corporate 
performance?

“Big Data” Meets “Deep Learning”

Positive Correlations
• ~40% of the Russell 3000 have materially positive 

citation to revenue correlations
• Some equities have recent citation to revenue 

correlations exceeding 90%

• LUV – Southwest Airlines Co.
• IBRK – Interactive Brokers Group, Inc.
• FRAN – Francesca’s Holdings Corp.
• JCP – J.C. Penney Co., Inc.
• JWN – Nordstrom, Inc.

“Big Data” Meets “Deep Learning”

Chart Courtesy of Adaptive Management

Ulta Salon

r = .9834

Citations

Revenue



10/11/2018

9

How can a discretionary or 
fundamental portfolio 

manager use the data?

“Big Data” Meets “Deep Learning”

Fiscal Quarter

Same Store Revenue
Reported to be up 6%

“Big Data” Meets “Deep Learning”

Question 4.

Can those same metrics 
enhance returns in 

traditional quantitative / 
systematic portfolios?

“Big Data” Meets “Deep Learning”
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• That same data can be delivered on a daily 
overnight “push” or “pull” FTP process.

“Big Data” Meets “Deep Learning”

• That same data can be delivered on a daily 
overnight “push” or “pull” FTP process.

• Metrics provided can include:
• Current Peer Relative Citation Share Growth Rate
• YOY Changes in Citation Share
• Citation Share to Trailing Revenue Correlation
• Citation Share to Equity Price Correlation
• “Event Risk” Probability

• Use AI / ML to optimize portfolios

“Big Data” Meets “Deep Learning”

How do rules-based quantitative / 
systematic research indexes based on

“brand loyalties” metrics perform?

“Big Data” Meets “Deep Learning” “Big Data” Meets “Deep Learning”

Updated Daily on BrandLoyalties Home Page: www.BrandLoyalties.com
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How Do the Ranking 
Quintiles Perform over time?

“Big Data” Meets “Deep Learning”
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“Big Data” Meets “Deep Learning” Generating Alpha from “Big Data” Sets

Question 5.

Can “Big Data” metrics work 
with ML / AI?

Why does ML / AI work so 
well with “Big Data”?

“Big Data” Meets “Deep Learning”

Machine Learning
• “Big Data” is messy, turbulent and unstructured – it 

is chaotic in every sense of the word.
• Conventional “rules” based logical approaches often 

fail in chaotic environments.
• Context is critical, and single variate analysis cannot 

deal with context sensitive data
• Machine Learning is inherently multi-variate and it 

can learn to deal with rapidly evolving environments

“Big Data” Meets “Deep Learning”
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Simply put:
Machine Learning can find relationships and 

dependencies that human experts cannot
see within the chaos of “Big Data.”

“Big Data” Meets “Deep Learning”

Simply put another way:
Humans and “rules” based approaches 

cannot deal with the chaos in
“Big Data.”

“Big Data” Meets “Deep Learning”

Disclaimers
• We are data providers, not portfolio managers
• Our ML / AI experience has been strictly “proof of 

concept” – not in a production portfolio environment
• We do know that our data is being used in 

production Machine Learning environments – and 
suspect that it is being adapted by more and more 
of our clients

• No client is especially forthcoming with details

“Big Data” Meets “Deep Learning”

How do we suggest that portfolio managers 
learn to use ML / AI with our metrics?

“Big Data” Meets “Deep Learning”
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Our Suggestions
• “Newbies” should start with a Python based Neural Network platform 

(e.g. scikit-learn v0.20) before moving to Google’s Tensor Flow
• Model each of our metrics in single factor models and determine 

relative importance weightings (using Garson’s algorithm) for final 
multifactor models

• Train the model (e.g. sklearn.neural_network.MLPClassifier) on rolling 
two year periods with the goal of predicting the following 30 day 
ticker-by-ticker excess return quintiles

• Use the ticker-by-ticker predicted excess returns quintiles to 
overweight / underweight equities in model portfolio

“Big Data” Meets “Deep Learning”

How hard is it to get started in 
Machine Learning?

“Big Data” Meets “Deep Learning”

“Big Data” Meets “Deep Learning”

Ticker = ‘AMZN’

“Big Data” Meets “Deep Learning”
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“Big Data” Meets “Deep Learning” “Big Data” Meets “Deep Learning”

Our Conclusions

• ML / AI (specifically Neural Networks) will work with “Big Data” derived 
data sets

• Longer training spans significantly improved performance – and those 
can be accomplished only via proforma data sets

• The Smart Beta “Rule Book” criteria still dominate excess returns:
• How much to overweight / underweight components
• What to do with components with no data

• Your mileage will vary
• We provide ML / AI optimized versions of our data upon request

• Past results are no indication of future performance

“Big Data” Meets “Deep Learning”

We Can Provide:

• CSV formatted data sets for easy pandas import
• Columns scaled, normalized and optimally signed

• Key metrics provided as percentiles or slopes

• Training target columns included with feature data

“Big Data” Meets “Deep Learning”
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Rick Davis – Rick@BrandLoyalties.com

For More Information Please Contact:

“Big Data”
Meets

“Deep Learning”


