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Meets

What is our “Big Data” and how is it captured?

What is the nature of the signals that can be
produced?

Can those signals produce Alpha in fundamental
/ discretionary trading strategies?

Can those same metrics enhance returns in
traditional quantitative / systematic portfolios?

Why does work so well with ?

This presentation will
address

Question 1.

What is our

and How is it
?
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Big Data

Ib1g/ dey-tuh ; noun (slang, found in early 21+ century financial/technical jargon):

1. The vast amounts of information generated — consciously or unconsciously — by
billions of people every day as they simply go about their plugged-in and “app” powered
life during the 21st century.

Meets

One way is to
each and
every night.

Meets

How does this data get
?

Meets

So, why doesn’t
exactly that?
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Meets

The Web is Vast & Noisy

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

Meets

Business Intelligence

e Product, merchant or price comparisons

e Consumer forums and crowd sourced reviews
e Third party review sites
Merchant site reviews

references
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Question 2.

What is the nature of the
that can be
produced?

What do consumers mention
on line that can be of interest
to ?



Brand Names
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Has ever used
consumer brand loyalty as a
key ?
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We call each time a
consumer refers to a
corporate brand name as a

of that brand.

Legendary investor Peter
Lynch of the Fidelity
Magellan Fund utilized what

he called
to
select candidate equities that
warranted his rigorous in-
depth fundamental analysis.



He initially utilized de-facto focus groups
of family, friends and co-workers to find
which

And it worked for Peter. From 1977-1990
the experienced by
Magellan’s shareholders was
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The idea of using
identify equities for
was alive by 1977.
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offers an opportunity to
adapt this approach and bring it into the
215t Century.



“Big Data” research utilizes the world’s
— the Internet — to track
the brand names cited by hundreds of
millions of consumers every single night.

Meets

“Citation” Statistics

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 (Samsung, UAL, Vol gen)
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Meets

How can anyone make
sense out of consumer
of Brand Names?

Meets

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

. A statistical or lexicographic study of vocabularies
found on the web constitutes a research of words that are
themselves in the



Definitions:

: the amount of “citations”
per unit of time.

. how tightly the “citation”
frequency correlates to revenue.

How many equities have
sufficient to have
a signal?

(e.g., >30 signal-to-noise ratio)
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Luminosity and Relevance by Industry:

Citation
Luminosity 108

-2 0 +2
Relevance (Citation -> Revenue Correlation)

Roughly of the
have citation
signal-to-noise ratios > 30.



Question 3.

Can those signals produce
Alphain

trading
strategies?

Meets

Positive Correlations

~40% of the Russell 3000 have materially positive
citation to revenue correlations

Some equities have recent citation to revenue
correlations exceeding 90%

e LUV - Southwest Airlines Co.
* IBRK - Interactive Brokers Group, Inc.
* FRAN - Francesca’s Holdings Corp.
—J.C. Penney Co., Inc.
— Nordstrom, Inc.

Ulta Salon
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How do based
metrics with real-

world corporate
f)



10/11/2018

BrandLoyalties.com Rankings

Same Store Revenue
Reported to be up 6%

Best, 100=Worst

How can a

(

portfolio
manager use the data?

Brand Loyalties Rank Percentil

Fiscal Quarter

4 5 3
< 3 =
Date

Last 12-Months Rank Percentile Prior 12-Months Rank Percentile

BrandLoyalties.com Alerts For 101112018

Labevsod, Colo
BrandLoyalties Alertsfor 10 Calendar Days Ending 101112018

Question 4.

Symbol Percentile Ranking (1)| Correlation Percentile (2) | Event Risk (3) Alert Type. Alert Date

AsRONS INC 16.4% 713% 209% Recovered OUT of Boliom 20% To0a0te
APPLE ING. 851% 84.4% 0% Strengthened OUT of Bottom 10% 0052018

ABBVIE ING. 79.6% 7% 10.8% Recovered OUT of Bottom 20% 10102018

D B Can those same metrics

THE ADVISORY BOARD COMPANY 78.3% = Recovered OUT of Bottom 20%; High Event Risk _ | 1010872013

AmBEV S A 55% 19.5% 30.2% Recovered OUT of Bollom 20% 10092018

e T mm enhance returns in

[ARCTIC GAT ING. High Event Risk 0012018

PYTR T 4%
w05 1% 1% repes 4T Bt 2

(ACASTI PHARMA ING High Event Risk 0012018

AcTavis INC. 5.0% Rose INTO Top 10% 0022018

e = = e s p (0] th | 10S7

ADDUS HOMECARE CORPORATION 15.8% Dropped INTO Bottom 10% 1011172018
[ADVENT SOFTWARE INC. = High Event Risk 1001208

[AERGAP HOLDINGS N. High Event Risk 0012018

[ASTORIA FINANCIAL CORPORATION| High Event Risk

[ACCRETIVE HEALTH INC. a7.3% Dropped INTO Botom 20% 10102018

(ACHAOGEN INC. 53.0% Dropped OUT of Top 20% 1011172018
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e That same data can be delivered on a daily e That same data can be delivered on a daily
overnight “push” or “pull” process. overnight “push” or “pull” FTP process.

e 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
Probability

Examples of BrandLoyalties™ Metrics in ‘Smart Beta' Indices (Proforma Performance)

Large Caps Index

Mid and Large Caps Index Capralization Tranches 7.45% 18.68% 21.57% 21.13% 17.21% 16.35% 7.37% 477912 6.29%
" . . Consumer Discretionary Index | Broac Consumer Indices 6.21% 17.39% 31.10% 17.91% 15.03% 16.14% 7.15% 47.2905 5.29%
How do rules-based guantitative / e ey R W W s W s B Ky
Consumer Goods Index c ices. 5.42% 16.10% 25.36% 19.31% 15.92% 16.50% 7.52% 48.9228 5.40%
. " " N Consumer Services Index 8.49%, 1052% 18.12% 14.93% 14.55% 15.94% 6.96% e s.a5%
systematic research indexes based on e
Apparel Index 6.58% 30.70% 50.54% 23.65% 18.18% 18.20% 9.21% 56.0214 7.28%
t -t ;-f - ’? Food Index 5.92% 6.18% 18.28% 15.07% 12.55% 15.00% 6.01% 43.6465 -2.80%
l‘]‘] e I I C S p e I O I n‘] O Dining Index 4.35% 12.56% 26.11% 21.83% 17.95% 17.62% 8.64% 54.2768 5.32%

Hospitality Index 8.72% 15.01% 22.79% 15.63% 15.50% 18.37% 9.38% 57.7651

‘Technology Index 14.40% 31.11% 37.74% 29.90% 21.30% 15.60% 6.61% 43.2845

Guilty Pleas; oreet a 0T AT 547 T8.24% TS ToV2T: a
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Value of $10,000 Investment since January 2008

s $90,000

$83,847

$80,000
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e ] s BrandLoyalties i-Biz Index e PowerShares Retail (PMR) ussell 3000® Index

= Meets
Historical Performance

Inception to
Quarter®® YTD 1Year 3Years 5Years Date Beta®

BrandLoyalties i-Biz Index 7.26% 34.82% 52.32% 26.98% 16.78% 21.87% 1.55

Russell 3000® Index 712% 10.57% 17.58% 17.07% 13.46% 8.99%  1.00
Excess Returns 0.14%  24.24% 34.74% 9.91% 332% 12.88%

PowerShares Retail (PMR) 282% 1051% 21.46%  4.82%  504% 10.70% 074 How Do the

Annual Performance®: Pe I'fO rm over tl me ’?

2011 2012 2013 2014 2015 2016 2017 2018

BrandLoyalties i-Biz Index 23.85% 24.31% 46.37% 10.35% 6.29% 3.08% 26.41% 34.82%

Russell 3000® Index 1.03% 16.42% 33.55% 12.56% 0.48% 12.74% 21.13% 10.57%
Excess Returns 22.83% 7.90% 12.82% -2.21% 5.81% -9.66% 5.28% 24.24%

PowerShares Retail (PMR) 14.15% 17.46% 39.53% 13.03% -3.96% 2.07% 4.68% 10.51%
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Meets Generating from

BrandLoyalties Total Return by Quintile

Question 5.

Can metrics work
with ?

0
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

~——BrandLoyalties Top Quintile —— BrandLoyalies Al Quintiles BrandLoyalties Bottom Quintile —— Russell 3000

Meets Meets

Machine Learning

“Big Data” is messy, turbulent and unstructured — it
is chaotic in every sense of the word.

Why does work so Conventional “rules” based logical approaches often
well with ? fail in chaotic environments.

Context is critical, and single variate analysis cannot
deal with context sensitive data

Machine Learning is and it
can learn to deal with rapidly

12



Simply put:

can find relationships and
dependencies that
see within the of “Big Data.”

Meets

Disclaimers

We are data providers, not portfolio managers

Our ML / Al experience has been strictly “proof of
concept” — not in a production portfolio environment

We do know that in
production Machine Learning environments — and
suspect that it is being adapted by more and more
of our clients
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Simply put another way:

and based approaches
cannot deal with the in

1] 7

How do we suggest that portfolio managers
learn to use with our metrics?
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Date

CitSlopePct

YOYCitPct

YOYSharePct

PctiRank

PriceCorrPct

HistExcess

FutExcess

Quintile

7/1/2018
7/2/2018
7/3/2018
7/412018
7/5/2018
71612018
71712018
7/8/2018
7/9/2018
7/10/2018

0.019237
0.041566
0.029533
0.017170
0.013045
0.010638
0.007207
0.007207
0.005834
0.005491

0.778083
0.771213
0.776099
0.769574
0.764847
0.764242
0.759780
0.757378
0.751201
0.746054

0.758502
0.755411
0.757898
0.754464
0.748369
0.747083
0.741249
0.739190
0.733699
0.729238

0.9032
0.8870
0.8868
0.8868
0.8680
0.8692
0.8692
0.8692
0.8453
0.8413

0.8864
0.8985
0.9037
0.9037
0.9097
0.9146
0.9146
0.9146
0.9205
0.9241

0.851597
0.889042
0.872253
0.872596
0.846893
0.868222
0.868222
0.868222
0.877145
0.876802

0.895441
0.894755
0.898491
0.886792
0.875043
0.870923
0.870835
0.870835
0.846339
0.852668

# BrandLoyalties Demo.py %

1

bl_features = bl_data.drop([
bl_targets = bl_data.drop(["

bl_features_train, bl_featur
bl_targets_train, bl_targets_t

earn.neural_network i
nlp = MLPClassifier(solver-

from sklearn.model_selection impo
_test = train_test_split(bl_features)

T train_test_split

- train_test_split(bl_targets)

MLPClassifier

nlp.Fit(bl features_train,bl targets train.values.ravel())

bl_test_predictions = mlp.predict(bl_features_test)
bl latest prediction - bl test predictions[-1:]

ort confusion_matrix

ts_file.
ts_file.

est.values. ravel(),bl_test predictions.ravel()))

10/11/2018
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Meets

Actual Quintile
3

2

Predicted Quintile

Meets

Our Conclusions

ML / Al (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:
¢ Howmuchto o ght / unde ight components
. atto c nponents with no data

Your mileage will vary

We provide versions of our data upon request

Meets

Ticker  Quintile Prediction

AAN
AAPL
ABT
ACAD
AEHR
Alz
ALK
ALLT
AMOV
AMSWA
AMX
AMZN
ANET
ANFI
AOL
APEI

N2 bhObhAW_2WaNNOORAO®

Meets

We Can Provide:

e CSV formatted data sets for easy pandas import

e Columns scaled, normalized and optimally signed
» Key metrics provided as percentiles or slopes

e Training included with feature data

10/11/2018

15



BrandLoyalties Basic Concepts

By Richard Davis
BrandLoyalis, I

In highty comp

o of corporations is the

'

margins by

Theloss on

the other Rand, can lead toa oss of market share and shrinking margins as corporations respond by

cutting prices andior increasing marketing

quantiative metricsfor the layalsyof -

effos. The BrandLoyalies.com website ofes purely
ine customers o the various brand names of a large mumber

of widely traded equites

because there

monopolstic)
marketplace a corporation i best abl to
maintain or expand its net margins when it
has  loyalcustomer base. For example,

when that customer base is exceptionally
loyal a corporaton may cven be able to

e levels without expending
any significant resources on the expensive
marketing programs or igh cost sdvertising

is no need for significant media buys. In
other cass (e.., Apple, Inc.) a fercely logal
customer base can enabe historically
premium pricing even i the face ofhighly
competitive eature scts.

Conversely, rapilly
loyalty willlikely lad to lost market shre
a =

erode and arkeing expenses are amped

w. " x

the

in the cost f the goods sold,the resul o he

e forsny
corporation, and earlyindication of such
patcrns should be welcomed by any

‘Consumer “brand loyaly” was one of the
s

margins for the corporation
Examples of corporations with exceptiolly
loyal customer bases would include sports
fianchises or entertainers tha can sell ut

academic leraure. Thisasset  of key

interest o investors besause af the value that

brand loyalty” generats to companies in
terms of

‘o competiors

venes by event

schedules. In these cases margins can

Web Luminosity Data Applications for Alpha G

nerat

Herbert Blank and Shannon Greene, Global Finesse LLC

Abstract

This paper insestigats nvesiment pplicatons of Web

e of the ubiqity ofa

» Webl

e, brand oyaty i now

it ogaly e
investment snlyss’caleultions of th intnnsi value of selevantfrns. o do o, many models use

brand oty oy

With today

pha. The o
source isfocus groups, they are ime-consuming,cosl,und may contain sampling bis. Web

lobal focus group prosy,th ntemet. To do his, extensive mapping and lexicogrphy s are needed
10 xtrct ony perinent data o

requites several mare analytic tcps and a comprehensive framework o determine the signal’s relevance

and efficay. This white papr dosumentsttproces,

en proceeds o te et

posiive fuure

corc long-only US Large Cap poroiospplictin s llusated.

Why is Brand Loyaliy Important 0 Investors?

Brand loyaltyis

interest derives from the value that brand loyalty

o A substantial entry bsrie to competitors,

iz in acadenmic ltersture, The academic

o Anincrease in the firm's abilty o respond o compettve threats,

« Greatersales and revenue, and

A customer base lss senitive to the marketing effots o compettors.

product, or  restaurant is a good reason 10 gt i
researchlist™ for selecting equites with enough

analyss. Peter Ly

brand loyalty to wasrant further fundamental

ed 12 company and put it on your

od that

Lyneh, etr. On Up on Wall St New YorkSiman & Schutr 980 ISBN 0143

sigaificant itengi e

s

“Big Data” Meets “Smart Beta”

RICHARD

. Davis

For More Information Please Contact:

Rick Davis —

10/11/2018

16



