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Michael Lieberman, Founder

Mr. Lieberman has more than 25 years of experience as a researcher and
statistician in the marketing and advertising research fields. Michael is that rare
polymath, both a marketing strategist and a data scientist with skills in both
traditional and “next gen” data analytics and implications.

He has worked extensively with clients in financial services, information
technology, restaurant marketing, product development, telecommunications,
financial services, political polling, public relations, and advertising testing fields.

He founded Multivariate Solutions in 1998 and now works with an international
clientele including advertising firms, political strategy groups, and full service
market research companies.

Michael Lieb , Found
Mr. Lieberman teaches at the City University of New York and the University of chactHieberman, rotnder

Georgia as an adjunct professor of statistics and market research. Mr. Lieberman
holds a B.A. degree in Mathematics from Rutgers University, an M.A. degree in
International Affairs from George Washington University, and an M.S. degree in
Statistics from Rutgers University.

Mr. Lieberman is the co-author of Market Research Insights — 22 Visual Displays,
published in 2009. He is also a frequent contributor to the Greenbook, Quirk’s
Market Research Review, Research Now, and Admap magazines.



Core Competencies

Research Design & Implementation Pricing
* Questionnaire Design * Discrete Choice Pricing Models
* Multivariate Implementation * Gabor-Granger
* Research Strategy * Van Westendorp
* Target-Market Optimization * Price Elasticity Models
* Brand Strategy Optimization * Pricing Optimization
Package Design Optimization Segmentation
Choice Models/Conjoint « K-Means
e Traditional Conjoint * Multidimensional Tandem Segmentation
* Discrete Choice * Self-Organized Maps

* Maximum Difference

* Pricing Optimization

* Product Design Optimization
* Advertising Optimization

Performance Regression Models
* CPG Label Design
* Product Testing
* Communications
Predictive Analytics * Brand Equity
* High Likelihood Consumers * Customer Service Optimization
* Database Mining
* Exponential Probability Models
* Human Resource Life Cycle

Monte Carlo Simulations
* Market Share Prediction
* Revenue Forecast Models
* Sales Forecasting and Sales Modeling



Industry Experience

* Political polling, candidate positioning, * Fashion

and message development _ _ _
* Financial services

* Public relations research
* Health care

* Television ratings and concept design
* Information technology

* Virtual targeting/customer and voter issue profiling
* Media tracking

* Advertising tracking
* Pharmaceutical products

* Advertising

* Political/public policy
* Automotive

* Public relations

* Banking
» Restaurants/food service

* Beverages
* Retail and mystery shopping

* Computer/internet/technology
* Telecommunications

* Consumer products
* Television ratings

* Distilled spirits
* Travel



Data Driven Projects

* Advertising tracking * Marketing program evaluations

* Brand equity and evaluation * Media measurement and development

* Brand positioning * POS and Collateral impact aggregate analysis

* Choice Modeling * Product Development

* Cluster analysis and segmentation studies * Package design

* Conjoint analysis * Political polling, candidate positioning, and message development
* Customer satisfaction * Public relations research

* Image tracking * Television ratings and concept design

* Market and financial forecasting * Virtual targeting/customer and voter issue profiling

* Market size forecasting



Clients

Corporate

3M

Avery Label Corporation

AT&T

Campbell’s Soup Company
Chicago Public Schools
Children’s Memorial Hospital of Chicago
Coca-Cola

Darden Restaurants

Dell

Dunkin Donuts

Facebook

Frito Lay Corporation

Fuze Tea

GlaxoSmithKline

HBO

Hefty Brands

Hill & Knowlton Public Relations
Hulu

IBM

Johnson & Johnson
Margaritaville Resorts & Restaurants
Master Foods

McCann-Erickson New York
McDonald’s Corporation
McKinsey & Company
Microsoft

Nestle Purina Petcare

Novartis

Omnicom

Pfizer

Procter & Gamble

Starbucks

The Kellogg Company

The Robb Report

Under Armour

The United States Department of Education
U.S. Presidential Election Campaign, 2008
UKI Direct, Insurance Agents & Companies
Vevo

Whole Foods Market

Market Research Industry
APCO

Attitude Measurement Corporation
Benenson Strategy Group

Douglas Schoen

Focus on Service

Maximum Research

Public Opinion Strategies

Q2 Insights

SparkMR - Ireland

University of Georgia

YouGov




Agile Project Design
Highlights

Conjoint Analysis
Designed multiphase, split conjoint that can be shown in splits and then stacked for derivation of utilities and Shapley Importance
of categories. This allowed a large conjoint model to be usefully fielded and for the results to be statistically robust.

Item Optimization
Designed through a sequence questionnaire model a method to score menu items 0 to 100 within daypart category. The goal: for
the restaurant to be able to decide which items to remove.

Customer Loss Prevention Prediction

A large CDR’s competitor introduced a new item. In order to for our client to retain at-risk customers, we designed the Restaurant
Prediction Model. The survey based model identified potential ‘tryers’ of the competitor’s hot dog, determined key messages to
retain at-risk customers, then used predictive analytics to score the 3 million customers in the client database and send those most
at risk an incentive to continue with our client’s core product.

Demonstrating Value

By designing and deploying a Monte Carlo simulation, we were able to show our client’s potential customers that the cost of the
complaint line was far less than the revenue lost if the complaint line did not exist. This is a deployment of the law of comparison.

Spurring Growth Across Categories

By using Network Analysis and sales data, we were able to suggest items in a supermarket chain spur growth within categories (e.g.
cereal), and which items were ‘bridge’ items, those that spurred growth across various categories. We suggested the supermarket
put these items on special.



Multivariate Solutions
Output Highlights




Choice Modeling

Most Common Choice Models in Marketing Research
Paired — Comparison

o

o

Traditional Conjoint

o

Discrete Choice Models

(o]

Menu Basic Conjoint Analysis

(o]

Maximum Difference
Proprietary Choice Modeling Modules
Outputs in Microsoft Office

> Topline in PowerPoint
o Simulators in Excel



Paired Comparison

Service Category Questions: End-of-Life Health Careers HIV/AIDS Reglo.n.al .Health
Closure Futures Initiative
End-of-Life Closure A2 C1l Al
Health Careers Futures C,2 B,2
HIV/AIDS C,2

Regional Health Initiative

End-of-Life Closure 30%
Health Careers Futures 20%
HIV/AIDS 50%
Regional Health Initiative 0%




Traditional Conjoint

On a one-to-five point scale, how likely are you to purchase this olive oil with the
following features?
e Premium, select quality olive oil
Full-bodied olive oil, adding a rich layer of flavor
Contributes to a healthful cholesterol ratio
Select, high quality olive oils from California
16 0z. - $5.89

Average Importance of Attributes

351
30 31

Position Flavor Health Sourcing Size and
Price

B General Population B Olive Oil Users




Discrete Choice Modeling

Scenario 1
Please choose one of the following:

1) Bart's Skinny Chunk at the price of $2.39
2) Zoom Fat Albert Twin Tail at the price of $2.19
3) E-Bait Big Salty Chunk at the price of $2.39
4) Bracken Bait's Big Critter Craw at the price of $1.89
5) None of the above
Tested Price Points for Bart’s Bait Skinny Chunk
Eban o Saly Chunk Do
Bracken Bait's Big Critter Craw $2.19
- - - 'Estimated Sales Market Share
40% $160,000
. ;$152,038
35% - 25,60 —+ $140,000
£ 9 30% -
30 T $120,000
ok 9
>4 25% =
E = 1 $100,000 7]
&= 20% 8
3 T $80,000 _E
; g 15% - E
E E ! . + $60,000
1% $55,5;7“ .
5% A $44,o4; el %_5.0%1 $40,000
$34671 ° - $2'7'-1‘16 $21,162
0% $20,000

$1.69 $1.79 $1.89 $1.99 $2.09 $2.19 $2.29 $2.39 $2.49 $2.59

Bart’s Bait Skinny Chunk Price Points




Maximum Difference

« Potential message for a new product

* Features or benefits of a service

* Which ‘extras’ to include in a loyalty program

* Fundamental customer interests and activities
* Unmet/Future needs

* Allows Testing of a Large Number of Attributes

Free Hotel Nights \/
\/ Experience Getaways
Dream Vacations
Premium Merchandise

Bonus Points
Complimentary Health Club Privileges
Hotel Room Upgrades A/

7/ Reward Planner Services




Simulators

= = ] ®
Milbsgiichen

MilBSgitchen
Py

DeL MoNTE FooDps
Nourishing Families. Enriching Lives. Every Day.

DEMAND SIMULATOR

Milo's Kitchen

Projected Within

Scene Market Projected Market

Share Share
Ship gggfg;ance Package Size
Milo's Kitchen Chicken Jerky ¥ USA 150z
Milo's Kitchen Chicken Grillers v USA 18 0z
Waggin' Trail v China-Sourced 18 oz
Purdue Full Moon 2 China-Sourced 15 oz

No Choice




Market Segmentation

Most Common Choice Models in Segmentation
o K- Means
> Tandem Multidimensional
o Canonical Segmentation
° Self-Organized Maps




Two-Step Segmentation

: Brand
Shopping Images
Behavior
Style Self.|
Preferences efi-image

4 Factdks

5 Fagtors 4 Factors 4 Factors

K-Means

Prudent Upscale
Shoppers




Two-Step Segmentation
Media Strategy

ﬁget Made
'a(q\

argf’n—p.
Walue Buye )z

Golane

Our Brand’s C-Suite wants to be highly associated with ‘Wealthy Fashionistas’, or ‘Prudent Upscale Shoppers’.

Our Brand now competes most directly with Gmart and Golane, bargain brands, in the ‘Value Shoppers’ segment space.
The new advertising strategy, which resulted from this graphic, indicates that Our Brand wants to move more closely to
‘Prudent Upscale Shoppers’ and has only a tenuous foothold among the ‘Wealthy Fashionistas’.

Our Brand should be vying for customers from Burberry or Dior to move up the high-end value brand consumer chain.



Visual Factor Analysis
Bi-Plot

. St. Johns Bay
Workina Dufable Brands XHaggar /’

@ Dockers Van Heusen
\

@ Levis

Concept Brands

Stamp 10
Metropolitan View‘ Ernest Spwn

//‘ Theory | Trye Religion

d Seven f@r all Mankind

e OldNavy ‘ OUR BRAND

Nike

Namad Leisure Brands

Polo Ralph Lauren

Arm.ani
Kenneth Cole\b Hugo Boss

@ Gap

\
l Calvin Klein




Canonical Segmentation

Canonical Segmentation finds the
Latent Relationships Among Two Sets relationships between groups of

attributes. With an interactive

approach, the segmentation finds the
Does not dry out skin . . .
Cleans wel Skincare Moisturizers and most robust segmentation solution.

Leaves skin soft and smooth Benefits . .
Does not leave skin itchy Anti-Aging

Is for everyday use u—

Canonical Correlation

Has products that are fun to use
Has along-lasting fragrance
Has products that make you smell great Product Bouquet

The color of the product is natural Moisturizers and

Anti-Aging

. ° ¢ I
Facial Treatments . Product B°“q“‘_.‘--"‘_v‘ [

and Masks Genuine and Natural

Is dermatologist recommended Canom_cal

Made with the "latest" ingredients Genuine & Correlations
Contains familiar ingredients
Its products are made from natural Natural
ingredients that are good for you

=" personal Indulgence
i ° /Quality and Value
Facial Treatments *

~and Masks

Is relaxing
Turns my everyday shower into a few Personal
special minutes
Has a calming effect Indulgence

Helps keep my skin looking young

Eye Care, Lip,
o AndAcne

zs'lgxincare Benefits

Eye Care, Lip,

and Acne

Makes a great gift g
Is aproduct | would be proud to uality & e
display in my bathroom Q ty

Costs alittle more, but worth it Value




Regression Analysis

Linear regression analysis uses ratings of independent variables to form a linear
equation that predicts the dependent variable.

The resulting equation yields beta scores that show the order of association of each
independent variable to the dependent

Key associations
o Likelihood to Purchase

o Qverall Satisfaction
o Likelihood to Switch
o Likelihood to Vote

Brand equity
Customer satisfaction research
Political campaign drivers

Corporate Image



Graphic Display Regression Analysis

High Chocolafe>
Overall Acceptability
DD’s Healthy Bars —

R
High Chocolate P

Regression can also be shown
in graphic form.

The blue dotted lines indicate
statistical significance.



Corporate Image Chart CBK Bank

Corporate Image Chart

Ease of withdrawing
cash money abroad

Short statement
through ATM

Acceptance at points
of sale terminals

Internal organization

Easy to use display Replacement in Clean and well

case of loss cared branch Automatic
teller machine

Calm and Pleasant and
quiet branch attractive decor

A Corporate Image Chart uses nested

Available to customers . . . . .
when needed regression to paint a multidimensional
e Capabllity of performance snapshot of the bank.
handling problems

Well informed about
banks products
and Services




Structural Equations Mode

Structural Equations Model

Does not leave skin itc)S for everyday use Makes a great gift
\ “ / Costs a lithe more, but worth it =]
" "t i
Leaves skin soft a‘r:srrmm [<e] q(-_::' \‘
=] ; e rchase Intent
& e .
Does not dry out skin c?__‘; 1 o— ] 0 Quality & Value
R \ -
P) Is & product | would be proud to dlsplay iy
in my bathroom a
Cleans well 073 '

062 s

Likelihood to Recommend

J 0&%

O

l"i-’
5 )

special minutes Erand Rating

4 0-56
Its products are made from natural
|"h F7-=Pp ingredients that are good for you
g Geunine | Naum G
J Has products that are fun h:- LPr uct E‘ouquet J \ 6%

Has a calming effect - 5

_,-_; [y
{} \ é \Made with the "latest” ingredients

o_ Is dermatologist recommend
s @ long-lasting fragrance Contains familiar ingredients

Helps keep my skin looking yo ._I:Ias-productsthatmaheyou smell great

The color of the product is natural

* Structural equation modeling (SEM) is a hybrid technique that encompasses aspects of confirmatory factor analysis, path analysis and
regression.
* Among its strengths is the ability to model constructs as latent variables — variables which are estimated in the model from measured.

23




Multidimensional Visuals

e Following are the different types of multidimensional maps Multivariate Solutions can employ within a study.
® They include:

— Correspondence maps
— Multidimensional Scaling
— Derived vs. Stated Importance (Kano Analysis)

— Mean Drop Penalty Analysis (Product Testing)
— Quadrant Analysis

Multidimensional Scaling
Main Causes/Main Effects of Weather Changes

Cutting down of rain forest in South America and Asia

aemTTTTTTTL - Lack of recycling of K \
el . N household waste /  ° Deforestatiqn in the UK
JPOllution by industry . 1 o o 1 )
e . . N Too mych building/ congtruction
Hole in the ozohe layer on flooy plains !
! ‘\ \\\ -
/Greenhouse gas emissions/greenhouse effect AR -
. \
i °Floods | .
Eollﬁtlon caused * Warmgr winters __--="""""""7"=~ -
by the motor car / - * Changes in“planning laws
. Hotter summers* " Wetter winters K N
X * Droughts

/
/
/
'

. 4 ) , .
*\._Changes in agriculture® .- Wetter summers

1
1

S~ P |
<~ - \

\

- - ®New diseases, e.g. malaria
________ ! S
\ 7
\

\ )
\: Overpopulation
N

Blue Labels=Main Causes of Climate Change Red Labels=Main Affects of Climate Changes




Correspondence Analysis
Horse Feed

Allen & Page Horse Bites

‘.,.w"ﬁnows the most about horses

of horse feed o

;Is, the most available

. ............
S Knews most.about what
‘Purina Horse Chow : S horse-dwnérs need
: O : i e o

Has broadest selection of feed products ~e
b (0] .

0.0
Is a brand for horses like mine

Is backed by current.research
e -

Ceeel e : :- . .:
------------ Is most trusted name ®
in horse feed

.-. . .-. .
Is a better value than othérs RO




Kano Analysis
Stated vs. Derived Importance

Exciters Satisfiers Kano Analysis Determines
(The unexpected) H
enjoyed th : The food is served hot and fresh i i i ithi
Srieyed the lenjoyed the Jhefood is served hot and fres the Direction Services within
playground it E I:vas served promptl Y B d A T I
_ for kids " cornbread promptly our bran re lraveling
DH'gh "‘. : The service is excellent
H °
E o H ..The quality of food is excellent
The manager personally thanked me H 0 4"
R : %%
| H B The barbecue/steak was tasty and flavorful
v .............................................+......Tt‘.é.f.o.?‘.’.‘.s.é}9.0.‘2‘.’."."’1'9.9.10!.‘.“.‘3.".".'l"’lr............
E t
D E ® The menu has a good variety of items
| E“ ------- My food order was correct and complete
M : Emplo.)./ées are friendly and courteous
P :
o :
R Iwas warmly greeted at .
T the door by the hostess H
A The side dishes complimented the entrée E
N o :
C °
E Availability of sauces, utensils, H
Lo napkins, etc. was good H
w H
Indifference STATED IMPORTANCE Must Be’s
(Secondary opportunity areas) (Potential Dissatisfiers)
Low High




Brand Preference Maps
Factor Analysis Bi-Plots

Preference Ratings for Best-Selling
Mid-Size Sedans in the US (2015)

With a Preference map, we can
answer the questions: Was my
model positioned well relative
to my competitor? Why is my
brand positioned here? How
can | reposition my model?

Ride
Nisgan Altima

[ ]
Toyota Camry FU n

Reliability

°
Hyundai Sonata

.
Honda Accord

Gas Mileage
Ford I:us
Subaru Legacy

Cheviolet Malibu  Safety




Penalty Analysis
Mean Drop DD,S Healthy BarS

Penalty Analysis is

appropriate for
Concept Tests, Not chewy enough  g1ance.Not enough center flavor
CPGs, and even 2 Center flavgr too weak Balance-Not . I
. o alance-Not enough carame

Message Testing £ 15 hd Balance-Not enough chocolate Not sxveet encugh

Q "'aV.°r (0o wea.K Nut/peanut flavor too weak * .

_&: S Balance-Not enough nut/peanut Chocolate flavor too weak

= Center flavor too strong Texture t.oo hard

Balance-T h

% a :::t(:er ;::vr::l ¢ ° Not enough qlramel flavor

© Too chewy Flavor too strong Not crunchg/ enough

“ 10

o

Vg

C

o

Q

2

a

c 05

©

()

P

2d.0 25.0 30.0 35.0 40.0 45.0 50.0
0.0
Blue is ‘Too Much’ Percentage

Red is ‘Not Enough’




Price Modeling

Most Common Price Models in Marketing Research
> Van Westendorp

> Van Westendorp with Revenue Extension
° Gabor - Granger
> Choice Methods
o Discrete Choice
o Conjoint Price Models
o Maximum Difference Price Application
> TURF
° Monte Carlo Simulations



Van Westendorp

The Van Westendorp method asks four survey questions:
* At what price would you think this product is a good value?
* How likely are you to buy this product at this price?
* At what price would you think the product is getting expensive?
* How likely are you to buy this product at this price?
* At what price is the product so inexpensive you doubt its quality?
* What price would you think is too expensive for you to consider buying the product?

PMC = Point of Marginal Cheapness
“Price point where more sales would be lost because quality is questionable than would be
gained from ‘bargain hunters’.”

PME = Point of Marginal Expansiveness
“Price point above which cost is a serious concern, where it is felt that the product is too
expensive for the value derived from it.”

OPP = Optimum Price Point
“Point at which the same percentage of customers feel the product is too expensive as those
who feel is so low that the quality is questionable.”

IDP = Indifference Price Point
“Point at which the same percentage of customers feel that the product is getting too expensive
as those who feel is at a bargain price. This is the point at which most customers are indifferent
to the price.”

RAI = Range of Acceptable Pricing
“The difference between the PMC and the PME.”



Van Westendorp

Output and Revenue Extension

. E .
Van Westendorf Price Model Revenue Forecast Extension
Percentage
- ~ - Penetration l- = =Rewnue Per 100 Customers Market Penetration
~ 50% $500
=
N -
N $ LT 80 L sas0 $450
NIndifference Price , | Indifference Price
40 N \Poim PMC 17.00 40% N Point . $400
[~ f p'ptimum Price \ N
- - Marginal - PME 24.00 Lt R T— 550
=~ __ Cheapness Z oint of Marginal* - g330)
~ o~ OPP 18.50 , $315 Expansiveness =+ $315
- oint of Marginal™ : 30% ' N $300
n Expansivene: ~ 4 .
20 = HPANSIENSSS ~| IDP 20.00 . R
; : ‘ * $24
Optimum Pric€™ ~— ' 3%
Point -~ — _ — RAI 7.00 0% $1W\\ 200
e 19% 8%
Marginal $150
Cheapness
0 $10 $15.00 < $20.00 > $25.00 $30.00
) : : 10% $100
—= - Cheap —— Expensive % | g0
= =Doubt Quality —— Too expensive to consider
0% $0
$10 $15 $20 $25 $30 $35 $40

The Van Westendorp Model is can be simplified and stratified when necessary.
The key points are marked on the map.




Gabor-Granger

* Range of Prices Specified

: Gabor-G Price Wheel - L h
* Begin at Top or Bottom abor-Granger Price Wheel —Lunc

] Sandwich, Fries, and a Drink Average
e Slide for Each Product or Menu Item I e
* Produces Item Price Elasticity Soccer voms 156
—— Total Sample — =-Business Lunchers — =Soccer Moms
100
80 &\‘_7’7‘ ~
\\

60

40

20

$4.49 $4.79 $4.99 $5.29 $5.49 $5.69 $5.79 $5.99 $6.19 $6.39 $6.59 $6.79 $6.99 $7.29 $7.49




Maximum Difference — Price Extension

 Max Diff is administered with the menu items below
* Prices are randomized within the Max-Diff Scenarios
e A price function is calculated

Multivariate
Sloppy Joe's American Diner D Solutions

A
& I

£
| ;

Rewards - Current Order
Initial  Visits . Predicted Visits -c:h-a nge In
Brealdfast 39 Breakfast 39 Brealkfast
Lumech 34 Lurech 34 Lumch
Dirwrer a7 Dhirumer 27 D¥irumesr

Tota 55 ] To 55 ] Tow
o

Iniitial Versus Predicted Visit=

L]
L]
-
]
-
-
]
E]

Free Meal

Rewards for Next Visit




Client Company Quadrant Analysis

Key Vulnerabilities Strategic Advantages
(Primary opportunity areas) (Primary areas to maintain)
High
Quality Of Contract Sales Force Speed Of Putting A Sales Force Together
Meeting Agreed Upon Objectives For

Physician Call Activity
Flexibility In Meeting Your Needs

Potential Vulnerabilities Potential Advantages

(Secondary opportunity areas) (Potential Differentiators if properly marketed
otherwise over-investments)

mOzZ>» 4200 T —

Strategic Marketing Expertise
Low Therapeutic Expertise Breadth Of Services
Meeting Agreed Upon Sales Or Market

Share Objectives




MATRIX Analysis
et

These are "target issues" to These are the "primary strengths”
improve brand equity. The of the Brand.

Brand is performing below
average and these attributes are
important.

Stronger

These attributes are not crucial.
Immediate focus should be on
brand attributes

Impact on Satisfaction/Purchase Intent

AUl Secondary Opportunities Low Priority

Weaker
Performance

Stronger
Average Performance Scores Performance



MATRIX Analysis

Macon, Ga
Correlation Perf Impact Class Perf Class Loyalty Class IMP Rank

j 10 Hot food is served hot, cold food is served cold 0.234 75% High Better Strength
This MATRIX compares

| 12 Only the best quality ingredients are used 0.228 79% High Better Strength
Derived Importance (using

. o i 9 Food is prepared exactly as ordered 0.198 87% High Better Strength
correlation) with top box
) e 5 Serviceis personalized, | feel like they know me 0.188 43% High Worse Target

performance for Joe’s Grub.

h 8 Vegetables and side items are fresh 0.187 92% High Better Strength
TARGET: The restaurant needs

a 1 Joe's Grub hamburgers are fresh, never frozen 0.170 79% High Better Strength
to target personalized service.

f 6 Joe's Grub is the place for me 0.167 79% High Better Strength

S E CO N DA RY: J Oe’s G ru b iS n Ot ¢ 3 Staff is very attentive, in tune with your needs 0.155 66% Low Better Low
known for its steak.

g 7 Sandwiches and salads served by Joe's Grub are made to order 0.131 25% Low Worse Secondary
k 11 Only fresh ingredients are used 0.122 79% Low Better Low

b 2 Joe's Grub steaks are prepared exactly as ordered 0.051 35% Low Worse Secondary
d 4 Servers regularly suggest new items throughout the meal 0.031 28% Low Worse Secondany

(appetizers, entrees, desserts.

Mean 0.155 0.641 0.155 0.641
Min 0.031 0.245
Max 0.234 0.922




Competitive Issue Targeting

Critical ] o
Weaknesses everageable

Strengths
Stronger

Brand performs
Brand better than
competition

underperformance Brand parity

Impact on Loyalty

Low Priority
Issues

Weaker | Secondary
Weaknesses

Worse Attribute performance Better



Competitive Issue Targeting

Competitive Analysis
CLIENT vs. Competitor

_Correlation CLIENT  Competitor % Def Diff STAT Diff? "2&1? CIP Class

d 4 Have excellent customer service 0.228 59% 56% 3% 0.77 High Parity

| 12 Have accessible Sales people 0.215 51% 67% -16% 0.08 High Weakness
g 7 Have agreat reputation 0.169 62% 69% -71% 0.42 High Parity

b 2 Be easyto work with 0.165 68% 56% 12% 0.17 High Parity

e 5 Beadvanced technologically 0.157 58% 63% -6% 0.54 High Parity

h 8 Have product available when | need it 0.147 67% 61% 6% 0.46 High Parity

¢ 3 Do whatis promised 0.127 66% 62% 5% 0.57 Low Low Prority-
a 1 Provides great value for the money 0.124 49% 37% 12% 0.18 Low Low fer;fmy'
i 9 Have asimple order process 0.096 76% 68% 7% 0.36 Low Low f;fmy'
i 10 CHC?;%ZE\S/‘ experience with our 0.072 78% 74% 4% 0.60 Low Low Priority-
k 11 Be trusted 0.035 70% 69% 0% 0.96 Low Low Prority-
f 6 Be better for the environment 0.001 43% 39% 5% 0.64 Low Low fer;fmy'

Mean 0.128 62%

IMP Rank

10
11
12
13

The Competitor Analysis adds an extra dimension to the MATRIX (direct comparison with a competitor).

A point made in the above example shows that ‘Have accessible Sales people’ is, for CLIENT, highly
correlated with Purchase Intent, but that COMPETITOR beats him at it.




Data Mining

What is Data Mining?

Discovering patterns in known structured data that are useful for new analysis

Customer Databases

Long running tracking studies

Transaction Databases
The computer helps find the model structure not just its parameters (weights, thresholds)
Industrial strength computing

Most Common Data Mining Projects
Revisiting large customer databases to produce more learning (e.g. Burger King)
Cross-Selling (Financial Institutions) -- Forecast interest in a product from previous transactions
by customers and household
Reveal hidden strengths of changing marketing positions
Fraud Detection
Satisfaction Detection (finding potentially unsatisfied consumers)
Strategic sales, merchandising, distribution, and customer service -- identify, segment, and
profile the most profitable and least profitable customers, stores, products, and prospects.
Customize strategies for each customer segment, turn-around poor performing stores, evaluate
potential new locations.



Data Mining

Most Common Data Mining Techniques
Logistic Regression

o

o

K —Means Segmentation

o

Principle Components Analysis

(¢]

Neural Networks

(¢]

Classification Trees

> Chaid

o CART

Discriminant Analysis

(¢]

(¢]

Random Forest

(¢]

Ensemble Models




Social Network Visualizations

Social media network maps are a great way to get an overview of your own
social media topics and the related ones that matter to you.

o Maps offer a quick way to assess the type of social structure that has
emerged around a topic, and to set targets for what your organization wants
that structure to be

o Detailed analysis of content used in each group found in the network.

o Easy to compare the ways groups in your networks use URLs, hashtags,
words, and @usernames.

Together, the package makes identifying key people, groups, topics, and trends
easier than reading thousands of tweets.

Maps created before, during and after an event can help assess the impact of
efforts to change the social network.



Social Visualization Map

Social Visualization Software Flowchart
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* Layout of Visualization Software produced by the software
e Can be applied to Social Network
* Can be applied to most marketing research data



Data Mining Visualization

Grocery Store Data Mining

* Data is from transaction data from a large super market chain

* The colors of the nodes represent different clusters of products often purchased together
* The size of the red connector lines represents the number of transactions

* The size of the bubble represent its between group ‘Connectivity’

* Larger Dark Blue circles signify which items stimulate sales across all clusters.




Twitter Feed Maps — Nordstrom

Social Media Visualization

G1: grabyourwg;&esist G2: potus trump G3: boyoottnordstrom o G4.-9/anka
theresistance. crybabytrumpﬁ:ckw nkaglumnpsuppor ers trart -al '
rdstromw* ‘ump mearn valiet IVag
ctsoﬁnterest cnm isttrurapss ey -&'-, vanka'b '

oY i!'(t\oy

* By exploring the Hashtags in each group we can get a conversation around Nordstrom
* When this map was created, Nordstrom had just dropped Ivanka Trump’s fashion line
* G1and G2 have very different opinions of Nordstrom than does G3



Twitter Feed Maps — Nordstrom

Social Media Visualization

Top Hashtags in Tweet in G1:

Top Hashtags in Tweet in G2:

Top Hashtags in Tweet in G3:

22| chh

[40] grabyourwallet [10] potus [102] boveottnordstrom
[34] resist [7] trump [46] trumpsupporters
[32] theresistance [6] crybabytrump [34] trump

[22] bovcottnordstrom [6] fuckivanka [25] grabyourwallet
[22] conflictsofinterest [6] fucktrump [23] ivankatrump

[5] meangirls

[20] buyivanka

[21] trump

[5] resisttrump

[17] ivanka

[21] msnbe

[4] notmypresident

[11] boycott

[20] nordstrom

[4] resist

[6] boycottnordstom

[13] ivankatrump

[4] grabyourwallett

* By exploring the Hashtags in each group we can get a conversation around Nordstrom
* When this map was created, Nordstrom had just dropped Ivanka Trump’s fashion line

[6] boyeottmarshalls

* G1 and G2 have very different opinions of Nordstrom than does G3



Twitter Feed Maps — BMW

A comparison of “BMW” shows,
again, a large number of islands
The use of this visual is to
compare it to competitors

* How many clusters

* What hashtags are clustering

* When listed out, what is

being said about “BMW’
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Twitter Feed Maps — BMW

Top Influencers

slimcasso

Tweet Follow
Contents i

Tweet Follow
Network sosdesaparecido
Time Series = Tweet Follow
Description bmw

Author Description
Overall Metrics
Top Influencers

Tweet Follow

breakingnlive

Tweet Follow
Top URLs a— Follow
Top Domains mordu2foot
10p bomains
Top Hashtags Tweet Follow
10p Hasnhtags Follow
Top Words =% jmcarrerasgob

= Tweet Follow
thibaud1453

Top Word Pairs
Top Replied-To
Top Mentioned

Top Tweeters
Network

Tweet Follow

bmwmotorsport

Tweet Follow

traceyp 03
Tweet Follow

The Software uncovers the top influencers for the BMW brand on Twitter




Monte Carlo Simulations

Monte Carlo simulation, or probability simulation, is a technique used to understand the impact
of risk and uncertainty in financial, project management, cost, and other forecasting models.

Random number generation simulates the uncertainty in the assumptions.

The program selects a value for the assumption, recalculates the spreadsheet, plots the forecast
and repeats.

The Monte Carlo method is used for this purpose.

o While it is a relatively straightforward matter to develop confidence intervals for each of the market size
parameters taken alone, what is really at issue is the confidence interval for projected differences taken

jointly.
> Such a problem is best addressed through the use of so-called Monte Carlo methods.



Capital and
Advertising
Budgeting
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Monte Carlo Simulations
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Infrastructure
Planning to Reach
Output Goals




The Monte Carlo Method Explained

Expected market size represents a mid-point value (mean) outcome given
the survey results. This might be the value shown in a simple spreadsheet.

When the confidence intervals are accounted for, the 1,000,000 outcomes
of these trials can be arrayed in a cumulative distribution.

The probability of percentage growth falling into any given interval can be
read off as the number of trials with outcomes in that interval.

What if scenarios to make adjustments in inputs (e.g. advertising
expenditure) to determine output of maximized scenarios.



Pre-Post Application to Advertising

Does media advertisement bump viewing sales and/or GoFlix membership
validity? If so, can GoFlix sell this idea to particular films who want add to their

revenue?
° For example, a flop is in the red. Can a joint advertising venture with GoFlix boost

membership viewing activity, and close the financial gap?

o Should GoFlix allow individual studios to purchase their membership list to advertise
their films?

o Can this list be segmented? If so, how?




Future Research with Time

As further data comes in, GoFlix will be able to assess the value of
membership.

o Given the tiers of membership, how many flicks do the various members view?
o The stability of parameters across cohorts and film category can be assessed.
o Further pricing information may emerge.

Compare this model to more complex models (with some help)
° Fit of the forecast

o Parameter validly
o Cost/benefits of inventory assessment



Known viewing Sales

Viewings of the kiddy hit, Lassie--The Puppy Years are known.

Inputs for Lassie--The Puppy Years are entered into Crystal Ball Excel Sheet

Forecast: Project Rentals "Lassie-The Puppy Years"
10,000 Trials Frequency Chart 9,956 Displayed
023 - - 228
017 e ———————— L 171
1
o - q
— 3]
I 011 4remrrrnrreerceveeesseeeeeeea HH EE R L L R e, L 114 o |
= =
= _ ¢
=] =
|:|.: 006 deereereeeeeeeereeeneens ""“ .................................... | 57 Q.
00 ,...l.l:l""_N ‘ “m“l"mlm..a .
134,023 137,012 140,001 142,990 145,979
Certainty is 80.00% from 137,695 to +Infinity DVD Units




The Puppy Years — Comparison

Probability of Event (or Projected Viewsing
Greater) "Lassie--The Puppy Years'
Percentiles
100% 132,527
90% 136,785 Gray Line: There is an 80%
80% 137,695 « chance that 138,000 viewings
70% 138,369 or more will take place.
60% 138,962 G A\ctual 3 month viewings 138,612
50% 139,523 P BIL(J)/e Lihne: Expfeﬂed Value;
40% 140,120 50% chance of 140,000.
30% 140,803
e mes Red Line: Gor s atsed to
10% 142,755 expect 142,000 views.
0% 147,335



Michael Lieberman’s Publications Relating to Marketing Research and Consulting

Multivariate Analysis
for Mrategic Decisions

Hargeling
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Michael Lieberman’s Publications Relating to Marketing Research and Consulting

CX to Financial, Quirk’s Marketing Research Review, March 2018

Using Self Organizing Maps to Segment Small Big Data, Quirk’s Marketing Research Review, August 2017

The Solar System of Social Media, Greenbook Blog, June 2017

Canonical Multiphase Segmentation, Admap Magazine, March 2017

Twitter Network Analysis: Nordstrom at the Center of Resistance?, Greenbook Blog, February 2017

How to Price an Island, Quirk’s Marketing Research Review, February 2017

Data Fusion - How Researchers Can Create C - Suite Deliverables, Quirk’s Marketing Research Review, January 2017

Game Theory, Divorce, and Marketing Research: Greenbook Blog, December 2016

Why Do Google Apps Want My Sensitive Data, Quirk’s Marketing Research Review, July 2016

Big Data and Marketing Research, Greenbook Blog, April 2016

Shapely Value in Marketing Research, Quirk’s Marketing Research Review, February 2016

Pricing Research - A New Take on the Van Westendorp, Quirk’s Marketing Research Review, July 2015

Using Hyperlink Networks to Data-Mine The Web, Quirk’s Marketing Research Review, June 2015

Tandem Segmentation - Getting Your Product to Sell Itself, Quirk’s Marketing Research Review, May 2015

Design Conceptualization - Measuring Second Order Interactions, Quirk’s Marketing Research Review, May 2015




Michael Lieberman’s Publications Relating to Marketing Research and Consulting

Promote, Promote, Promote: Life as an MR Consultant, Quirk’s Marketing Research Review, April 2015

Multidimensional Visuals to Map Personalities, Quirk’s Marketing Research Review, December 2014

The Project Conundrum, Research World Magazine, May 2014

Creative Statistician - Satisfying Stats, Quirk’s Marketing Research Review, May 2014

Boosting Employee Retention with Predictive Analytics, Quirk’s Marketing Research Review, February 2014

Using NodeXL to Visualize Social Media, Quirk’s Marketing Research Review, January 2014

Small Data Visualization, Quirk’s Marketing Research Review, October 2013

Counterintuitive Marketing, Research World Magazine, September 2013

Grow Restaurant Dining Visit, with Dave Leonard, Admap Magazine, September 2013

Steering the Vote - The Case of the Oglala Sioux Casino, Quirk’s Marketing Research Review, September 2013

Helping Wrangle Big Data Monte Carlo For Marketing Research, Quirk’s Marketing Research Review, July 2013

The Choice Toolbox, Quirk’s Marketing Research Review, February 2013

How Nate Silver Did It, Quirk’s Marketing Research Review, February 2013

Loyalty is the Big Enchilada, with_ Dave Leonard, Admap Magazine, December 2012




Michael Lieberman’s Publications Relating to Marketing Research and Consulting

Improve Your Research Reporting with Visual Mapping, Quirk’s Marketing Research Review, December 2012

Managing Sideways, Research World Magazine, November 2012

A Step Further: Measuring Improvement of NPS, Quirk’s Marketing Research Review, August 2012

Political Branding - Perceptual Maps, Quirk’s Marketing Research Review, May 2012

Measuring Social Desirability, with James Rohde, Quirk’s Marketing Research Review, February 2012

Feasibility Studies and Market Research - Tacos in Tel Aviv, Quirk’s Marketing Research Review, September 2011

Mining the Silent Evidence, with James Rohde, Research World Magazine, March 2011

Building and Measuring Brand Personality: How Does Your Brand Behave? Quirk’s Marketing Research Review, March
2011

Risky Business: How Research Can Find The Truth About Respondents’ Bad Behavior, Quirk’s Marketing Research
Review, September 2010

Recession Lessons How Research Buyers and Suppliers Can Cope, Quirk’s Marketing Research Review, February 2010

Maximum Difference - The Next Choice in Choice Modeling, Quirk’s Marketing Research Review, January 2010

Multivariate Pricing Techniques by Michael Lieberman, Research World Magazine, January 2010




Michael Lieberman’s Publications Relating to Marketing Research and Consulting

Brand Equity - Structural Equations Model by Michael Lieberman, Admap Magazine, January 2010

Political Branding - How to Manage it and Help Your Candidates Win, Campaigns and Elections Magazine, September
20010

Data Integration ~ Combining Qualitative And Quantitative Methods To Support Improved Business Decisions, Quirk’s
Marketing Research Review, November 2009

Enhanced Customer Segmentation - Targeting the Golden Egg, Admap Magazine, April 2009

The Price Toolbox, Admap Magazine, February 2009

Design Performance — The Kano Model, Quirk’s Marketing Research Review, October 2008

Optimization: Loyalty ROI - Maximizing Loyalty Points, Admap Magazine, October 2007

Performance, The Score, Admap Magazine, January 2007

What'’s in a Name, with Jon Montgomery, Admap Magazine, June 2006

Measuring and Using Employee Satisfaction, with Dave Leonard, Admap Magazine, April 2006

Unearthing TURF, Quirk’s Marketing Research Review, April 2006

A Compendium of Branding Technigues with Jon Montgomery, Admap Magazine, September 2005

Virtual Targeting, Quirk’s Marketing Research Review, February 2005




Michael Lieberman’s Publications Relating to Marketing Research and Consulting

Segmenting the Burger Market, Admap Magazine, March 2004

Conjoint Analysis for Political Messaging, Admap Magazine, October 2003

The Power of Segmentation, Admap Magazine, May 2003

Brand Equity and Discrete Choice Models, Quirk’s Marketing Research Review, May 2003

Is there Money in Mouth Pain, with Donna Kotronis Admap Magazine, February 2003

A Walk Through Discriminant Analysis, Quirk’s Marketing Research Review, January 2003

What is Driving the Vote, Campaigns and Elections Magazine, September 2001

Key Driver Analysis, Quirk’s Marketing Research Review, February 2001




Benefits of Strategic Relationships

* Thought partner, dedicated team and account manager

* Flexibility to compare, fuse data sets, and establish norms
* Single integrated reporting portal

* Economies of scale

 Standardized workflow and quality controls



Contact Information

Michael Lieberman
Multivariate Solutions
200 West 93 Street

New York, NY 10025
646.257.3794
michael@mvsolution.com
Skype: MVSolution
@Statmaven



