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— More on Market Segmentation —

Segmentation research is used to identify lead segments for strategic focus with
product development, marketing, pricing, and distribution. It is also appropriate for a
wide range of other business objectives, such as new product or service development,
positioning of individual brands, promotional messaging, and customer retention, to
name a few.

StrataMark partners closely with our clients at all points in the research process, with
the experience and expertise necessary to ensure successful results. So whether
segmentation is newly on the horizon for your company or additional segmentation is
required in response to a changing market or category over time, StrataMark is
strongly positioned to support your growth initiatives.

Development of Basis Variables

Because the quality of measures serving as principal inputs to the statistical
segmentation will directly impact the quality of the segments uncovered, StrataMark
places a great deal of emphasis on development of these measures, which are
commonly referred to as the basis variables.

As necessary, StrataMark will conduct quali- Common Types
tative research in advance of the quantitative of Basis Variables
segmentation to ensure that the set of basis
variables are comprehensive and resonate

properly with respondents. * Unmet Needs
* Product-related Attitudes

* Lifestyle/ Psychographics
» Usage Quantity/Patterns
* Geographic

* Firmographics

» Benefit or Features Desired

Though many different types of basis variables
may be considered as inputs to the statistical
clustering algorithm being used to develop
segments, final basis variables are carefully
selected to support study objectives and re-
duce redundancy between measures. *Demographics/ Classification

Profiling Variables

StrataMark also recognizes the importance of including a wealth of profiling measures.
These profiling variables can include questions in media habits, category-related
behavior, and other descriptive measures that help to characterize the segments to
help you design ways to best access them through marketing and distribution
channels.

(Continue to Next Page)
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Statistical Segmentation Algorithms/ Clustering Methods

In addition to a rich, comprehensive set of basis variables, the statistical segmentation
algorithm (clustering method) that is utilized to generate segments is of paramount
importance in driving the quality of segments uncovered. Different kinds of data result
from different types of basis variables, and some statistical algorithms will be more
successful than others in deriving segments from certain types or combinations of
data.

StrataMark takes great care in selecting the most appropriate clustering algorithm, and
may apply more than one algorithm or a combination in order to achieve the highest
quality segmentation solutions for client consideration. Depending on the study
objectives and type of variables in the data set, some of the more frequently applied
and/or emergent clustering methods include:

 Latent Class Cluster Analysis * Two-Step Clustering

* K-means Iterative Partitioning * CHAID and CART

» Cluster Ensemble Analysis * Random Forest Algorithm
* Hierarchical Clustering * Neural Networks

Note that solutions achieved with a statistical clustering method can be further
augmented by including additional key variables (e.g., category spending or
geographic region) if doing so makes the final solution more actionable. StrataMark
believes the relevance of any clustering approach is summed up entirely by its ability to
yield highly credible, intuitive, and actionable segments for our clients.

Segment Classification Tools

Clients will often also benefit by receiving a Segment Classification Tool -- a model
based on the research results which predicts segment membership from a significantly
reduced set of variables. This predictive model can be used to classify members or
prospects of the target market, and for screening future qualitative or quantitative
research participants.

Please see analysis reporting examples included in this document.

(Fictional Brands and Data in Examples 1-5)
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Example 1

Segment Overview

<)
] i
L~ Maorket

i Later middle-aged (age 45+,
tend to be retired, most with no
children but some with teens,
seeking uncomplicated and less

. Dldest segment, more are refired,
v but higher education levels and

i gourmet cooks, but interested in

Older women aged 45-54, who
tend to have teens or are emply
nesters. Married, affluent, higher
education, employed and pressed

varied meal choices. More tuned
into circulars, clip coupons, and
likely to price-shop stores. !

spend more for quality special
vingredients. Give Ramone's i
i generally favorable ratings

v Tend to be younger {(largest % 18-347 with larger

¢ dollar. Wil shop multiple stores for price, are more

apt to clip coupons, shop super centers and

! new recipes, meal ideas, and
Lexperimaenting with new food

i
i
' solid income. Not necessarily
i
:
i
:
:

Eiaae - Productive en_thuaiasts, giving it the highest
..................................... T, JUOY Ceeniors  Healthy retings
! Tendto be middle-aged (34- | 89 39, Actl\ufes B i e i i ;
| 54) who like to cook for their | Traditional ' 15% i Moms aged 25-44, centered |
| families and and friends. Apt ™ ‘Socials ‘ / oncaring for their kids end
' to be married with children, S T% & | | fLamlL\(y aﬂfd busly as adresult_ ;
! tend to have moderate L3 - /' Looking for sales and in-
1 incomes and not employed ! st_ore bargains, and read
e, | oo, Ty
! and buy staples in bulk but will | _Frugal 290, | big shopping trip orice & :
. Families ? | wesk but make frequent fil- |

i HH's, but lower incomes and must stretch their food

+wholesale club stores, buy generic brands and foods

fortime. Appreciate convenience,
; but want high quality and healthy
+ foods. These are Ramone's Market |

el . L in shopping trips.
Affluent g e S .

Gou;;r;znds Aged 45-64 married women, not likely to have
i . children under 18, more educated and highest
income. Enjoy gourmet cooking, likely to take

| their ime when shopping and are open to

| trying new foods. Maintain healthy eating

© habits and are willing to pay prices necessary
| to get what they want. Give Ramone's Market
1 strongly favorahle ratings.

| NOTE: Fictional brand and data. |

Example 2

Imagery Map - >
( /Q.anou’
a i i s T o
Eating Together / Food Experimentation L Market
A Dinrier I3 To Socializes
i i Household Usually Eats Meals
HISH Household Eats TDEe_ther ¢ LBy - Together During Weekends
Mostieeknights
a AFFLUENT
TRADITIONAL
SOGIALS GOURMANDS
Household Eats A
* Often CookFor Y :
Househiald Has A ; bl s Lot OFf Organic Food
LoL0f Picty Eaters Outsice FarmilyFrignds
m Household Buys a
% FRUGAL o LotorFoodn Buk Householdgnjm
Q FAMILIES | Experimentin
i Wit Mew Foods/Flawars
8 BTl Food e PrSENIORS
§. THRI:TY ’ A Househo il ot
& SENIORS LG
Don't Usually KnowWho ¢
g Wil Show Up For Dinner SRR
% ACTIVES
% B BUSY
-*- CenterofMap 3§ FAMILIES & Household Buys a Lot of
S Gaonvenience Foods
et Household Doesn't Usually Have @
(Above Average Tirne To Sit Down And Eaf Topether
in ;I'otalf)orthis *
calegor. ; Rarely Cook For
< Household Usually Eats Dinner ; o
Variance LOII"If"" Somewhere Other Than Tahle Outside Family/Ftiends
explained = 74%:
25% - B
48% LOW Food Experimemiation HIGH
@Marl« —
g | NOTE: Fictional brand and data. | .
= >
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Example 3

Food Shopping & Health Mindsets

| Traditionsl Secizls |

Thirifty Seniors |

Froductive Seniors I

tendencies..

Health
related
tendencies..

=stare

More likelyto shop =
onestore regardless
o ofphatson =

Fond qusity snd
seledion more
important than price

and out quickly

Less talerance for
crowded stares

Looking for =zles and
bargains

ide== when shopping

More willing to buy food
they wart regerdiess of

Less likelyto be
keeping atight budget

tha bargsins ara)

More likely to have
children with therm
el

PRIng...

More willing to forega
desiredfoad if too
ExpEnsie

“wher shopping

 More likelyto dip
coupens sndto shop.

Lezslikelyto shop =
juztone store

Priefer s maller grocery,
stores over |=rge super

‘centers

Hot == likelyto dip

coupons

Lesslikelyto be an
impulse shopper or
seek out navrite ms
........ when shopping
Make one big shopping
trip but muttiple fill-in
trips per week

Less interest in
searching out least
expen=ive food options
e
open to trying new
foods

Will weit for sdes on
desired ite ms befare
buying

Less likelytobe o
impulse shopper

Erying neve
fods

| More apttosesk most

weingand |

bier gins are)
Mare likelyto wa:‘t:for
sdas on desired items
efarsbiying

inespenzive food
possible 3nd wait for
sdes on desired items

Less =pt tobuy an
impulse
Mare likelirto plan
reds befare shopping

5 nt | Haathy Adives | Bu sy Fanilies | Aflusrt Gourmands | Frugd Families
Size | 1 2% | 1% | 21% T | 8% ED
How they differ...
Food | Rate converienice ower . . tore likelyto look for More likelyto shop tdore apt totakethair Mare likely to shop More =pt to take their
i - Mare desire to get in 3 !
shopping | price when choosing = new tems and med  |many stores [ge where | time and look sround . | many stores (gowhere | timeand ook around

when shopping

More desireto see
others they knows when

hoppir
Lesslikelyte

shopping == atask or
somethingthey needto

get done qui

More likely to look for

ide=s while sh

hore apttob
impulse

wiEey

ickly

opRing

uy on

More likelyto be
satisfied with their
eaing hiabits

Wore apt tobuy organic

Fruits and vegatables

Liks taeook simple but

healthy meds

Strongest desire to
improwve esting habits
of their children

their eating habits
hedthy .
bar e willing to favor
comuenience ower
health when choosing
meds

Mora i kely to consider |

Greatest knovdedge of
any segment for
hedthy foods

Mor e willing to pay
for hedthy fonds
More willing to take the
time necessaryto
make heatthy med=

Less desiretoimprave

ieating habits of children

Less knowiedgeshle
shout heslthy foods

Taste and flavor maore
impartant thar hiedth:

Le=s willing to pay
more for hedthyfoods

Le== willing to pay
more for hedthy foods

More knowdedgeable
zbout heathy foods

wiould be willing to buy
hedthier foods if they
dstedibatiering

Moaore likelyto consider
arganicor naturd foods
Importart

Les=likelyto consider
their eating habit=
hesthy

time neces=aryta:

Wionld be willingto biy
hedthier foods f it
didn't co=t as much

W =l
heatthier foods it they

Mare willing ta take the

tasted better

Las= willing ta pay
mare for heatthy foods

More |ikaly ta considar
their esting habits

conveniancs owar
hedthwhen choosing
mesds.
Would be willing to buy
hedthisr foods f i
sdidnteost as much: |

Strongest desireto
improve the esting
habits of their spouse

..rsignificant

Mar li kaly ta consider
organic or naurd foods

portan

More willingtobuy
healtthier foods if it

didn't cost s

More willing to pay
more for hedthyfoods

sther

t

ruch

MOTE: Fictional brand and data.
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Demographic & Food Shopping Profiling

599‘"?"‘ | Healthy Actives | Busy Families | Affluent Gouwrmands | Frugal Families | Traditional Socials | Thrifty Seniors | Productive Seniors I
Sizg | 15% 29% | 7% 2% | % [ %
How they differ...
Demographics... 18% Women. 5% Women T Women 5% Women . 80% Women 80% Women 8% Women
Older Middle-aged ) Later middle-agedto Older {age 45+)
2 1564 5
(age 45.58) Younger (age 2544) Older {45-64) Younger (age 21-34) | Middle aged {34-54) older (age 454 Highest % 65+ (16%)
nr::::::??ﬁr Mos=t have children | Fewer with children Majority have __M.éibr_ly haw Smallest % with Lower % with
| <18 (1%} <13 {16%) children <18 {69%) | children<1% (58%) | chikiren <18 (7%) children <18 {9%:)
teens (18%) i Z : y
Srvaller HH (2.3) Larger B (3.3 Smaller HH (2.1) "‘"9“(:"1}5"3 il Larger HH (3.1) Smaller HH (2.0) Smallest HH (1.8)
i Average Income Highest Income Average Income Lowest Income
Higher Income ($61K Lower Income ($39) i . Higher Income {$53K
a (361K) ($4%) (46910 : =0 (351K) ($35K) g )
More educati A fi | More educati Less education Average cati Least educatio Higher educati
..i\ue.rage FI, LessFT Less FT lnt more PT Lower e vy . . o
. it More = e More PT ErEnl More: Lower Lower
More PT P'i' e;] . : e .are retind employment e highest % retired more retired
employment il
Most apt to b = F - married
- 5 Average married b _a| .D B Highest married e L Average married
More married (3%) (69%) minority . (83%) {51%), more (67%)
i {still 87% Caucasian) 7 widowed i
Food shi in Onaverage, 65°% of | On average, 50% of | On average, 49% of f?:;dal‘;zmgg’ 45;{;:; Onaverage, 5P of | On average, 49% of | On average, 66% of
;p 9 foodbudget spent at{food budget spent at {food budget spentat :I = food budget spent at food budget spent at |food Inxlget spentat
Praclices.. | qraditional grocer traditional grocer specialty (rocers kb traditional grocer tracitional grocer traditional grocer
discount grocers
52% shop Ramone’s | 15% shop Ramone's Loweﬂ_ * by n_loﬂ. 15% Shop at 323‘{1‘ sh;:-p Rai'h;mb“s 9% Shop at 4% shop Ramone's
: of their groceries = = e e e
weeklyor more weekly of more adH 1 Ramone's weekly or weeklyor more  |Ramone's weekly or weekly ormore
often often 1a I'II({)‘I'"I;M?TOCEI more often often more often often
%
'::::na):: t;::::ke One big st Highest si of | Lkelsto shop many Hi‘ghest usage of Highest usage of
b 'nu tri ;‘V trip weekly with Ramones weekly or | different grocery traditional grocery OTR's for grocery
Evl:eﬁly ® frequent fill-intrips | more often (§1%) stores stores for shopping shopping

| NOTE: Fictional brand and data. |
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Example 4
Segments Overview iy

¥ Four segments are based primarily on shopping behavior and the emotional state of the shopper:

"Man on a Mission” (995)

— Shopper is focused, in a hurry. Chooses Family Market Center to get in & out quickly.
Usually purchases just one or very few items. These shoppers are not motivated by sales
and specials.

"Convenience-Diiven” (22%)

— Trip is driven by a need for convenience. Family Market Center is easier than a larger
and/or more distant store to pick up *fill in” products. Makes multiple purchases to save
another trip.

"Let's Get a Deal” (199%)

— Trip is taken primarily to buy items on sale or redeem coupons. Often uses a list based on
Family Market Center ads/circulars, or uses Frequent Shopper coupons as a working list.

"Pleasure Criiise” (13%)
— Trip satisfies desire to shop. Shopper enjoys browsing — *looking for what's new” -- and
purchases are not necessarily driven by sale prices. Multiple items are bought — the
majority of purchases are “impulse” buys.

NOTE: Fictional brand and data.
N [Page 1 of 4]

Segments Overview Yy

¥ Three additional segments are formed primarily on the key purpose of trip and/or shopper perceptions and
attitudes toward Family Market Center:

"Friendly Neighborhood Store” (199%)

— Shoppers are motivated by familiarity, comfort, trust. Prefer Family Market Center to a larger,
less personal store for many of their “everyday” items. Shopper has close interactions with
store employees, and strongly appreciates their advice & personal service.

"Wurturer” (79)
— Primary purpose of the frip is to obtain items for a relative, friend, or neighbor — a “caregiver”.
Could be doing volunteer work. Family Market Center helps fulfill the shopper’s desire to help
others or take care of an ailing loved one.

"Get Ready, Set. Go” (1126)
— Customer is getting ready for an event, function, or occasion and needs to pick up specific
items to complete this task. Family Market Center is closely associated with the needed item
and is the destination of choice to fulfill that specific need.

‘Stratal L)
.@ [ NOTE: Fictional brand and data. |
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.
p g arket Center
SEGMENT DIFFERENCES 4 .
""'8‘5 € Friendy
Comeniernce- Neighborhood Get Ready,
Man on & Mimsion Driven Let'sGet u Deal Plesare Cruim Store Hurhrer Set, Go
Gender 62% Male T5% Female 20% Female Q1% Female E7% Female 52% Female 7% Female
Key Characteristi In & ou Driven by Trip taken to Trip 5 atisties Shoppers driven  [Primary purpose Shopper & getting
focus edin a hurny, needfar redeem coupons of desiretoshop & | byfamiliarity, comfor, | & fo pick upitems for| readyforan event,
=z e verylitle of store. | comwemience — "one- buyonzale; browg e, Tends to be | tustin Fid-- stronghe relative, friend or function, or oecasion
stopshopping. pricefalus-driven. loyal Fhdshopper, posifive toward Fhi neighbor & needs = pific ftemz .
Store Type Urbanstares Suburban Suburban Al about Suburban Suburban Suburban
mare often than and Urban and Urban aqually and Urban and Urhan Meighbaorhiond &
Suburban Meighborhood more Neighberhoods; Neighborhood more |Neighborhoods more| Urban Busi e
Neighbarhood thanUrbanBusiness) Urban Business on than Urban Business |than Urban Business| near hotel & retail
weekends area)
Urbanstorss | Urb, Bz- waskend Weskend, Evening, Urban Nghorhd- | Al dayparts, Weskdzy
weskday &weekend,| Utban Nghbrhd - |es piallyin Urb Bz and butak o other weddday , Suburban Slighthy more orweekend. Rarely
Sub. Nghbrhd - eve &) evening &weskend, Suburban daypart -- weekend | Nghbihd - evening & | weekday & evening in evening.
e ek end Suburban Hghbrhd - Meighbarhiood in Suburban Nghbrhd wreehend than weekend
daytime shores
Browsing Behavior Mo brows ing 35% browsed TA% brows ed A00% browsed E5% brows ed 2% browsed T2% broms ed
Ay, 5-10min.to |4 5-10 min. whats Aug. 30-40 min. Frequents hoppers avg. 10-20 min Time s pentvaries
wigger reminders of | on £ ale, look for prim arity in beauty not as likelyto based ontime
"what el e is needed"{coupondcircular items ak les browse corns traints
Typical Purchases
2wy Basket Size 1-3 tems 25 ftems 25-30 temns 30 items 15 itemns 15-20 items 15 tems
Awg. Shopper B penditure * $750 $107.40 12250 F161.50 8750 $21.00 F8150
| Rstio Hanned vs. thpianned kons oy =2 ok i) 127 Ll LK
hade Planned P uchase Mirtually all M0 Wirally Al Fi 45 Wirtualby all irtu alhy All
Ay, Expenditure - Plarned ** 550 F76.50 250 F5700 F6150 FE6500 F62.50
| Made Lnplanned Purchase 22% B % 0% a7% 41% 2% 0%
Angy. Expenditure - Unplanned ** Fz2o0 FE5.50 F100.00 F124.00 F5100 FE0.00 F22.50
Mo Some are price- ez Sale prices drive Like Fiq Sale prices drive Mo
cons cious zame unplanned Shopper Points unplanned buys
Used Coupons 1% 20% G3% 0% 55% % 2%
Uszed CirculariSale Ads o 15 % 55 % 12% 21% 5% 18%
| Bought Item(s) on Sale 5% 2% T5% 26% 3% 28% 17%
4Ll A
NOTE: Fictional brand and data.
A [Page 3 of 4]
.
C i f S y
omparison of Segments (continued) arket Center
SEGMENT DIFFERENCES Friendly
Heighborhood Get Ready,
Man on @ Mission Lets Getn Deal | Plessure Cruise Store Hurlurer Set, G
Top Planned ltem Catepories Beauty Beauty Beauty Toiletries OTC & First Aid OTC & FirstAid Beauty
Bewverages Hous ehold Food Beauty Frescrifpions Beauty (e p. cosmetics
Snacks Foaod Toletries aOTC & FirstAid Gumimink (esp.skin & hair) & hair care)
GumMing OTC Firs taid Greeting C ards Pres criptiors Cigarettes Fres criptions Bewerages
Toiletries Fhotos/Film Baby “itamins/Nutrients Food
Hous ehold Houszehold Toiletries
Top Impul se ltem Categories Snacks Beauty Beauty Beauty Beverages Beauty Snacks
Fumimint Food Food (esp. cos metics Snacks (esp. cos metics) Gumimints
Toilefries Beverages Household Eshin care) Office Supplies Snacks Food
Snacks OTC & FirstAid Snacks Household Bevarages Bewerages
Toilefries Hous ehold Seasonal
Malist A9 % writhen lizt 20% writhen list Mo written list 4T Yanrithen lis t 6% written list 26 Wanritten list
34% mental list 53% mental list 30% mental list 26% mental list S¥%mental list 21% mental list
Some use coupon
a; t
F — S o e P
WErYSOOn within nesd day or two | or tems running low | some impuls e tems | Manyimpuls e items tendto be for planned item,
on but not ness ariby wantto "y right aresnadis/ im mediates aon, immediatehy for
aut of yat away" orwill eat bewerages for impuk e items more | impulsesnacks &
soon somestoding immediate varied beverages
up consumption
Self Self& Seff& Self, families, & Self & Spouz e, child, Self&families
families/ hous ehald | families/ hous ehald fiends - also gift familiez other relatives,
buying neighbors, self
Alone Hone Alone Some Alone fsome Alone HMone Alone
arwith child with friend, child arwith child or acenmpaning
sickelderly
Near hometnor: Meztheading Stop i oftenin Ewening trips Mozt gaing Mozt heading Mzt going
Midst of ather ham e atter trip. midst of ather anway hame from home aftertrip, home zame home after trip, some
stopsferrands! Highest% (1.8) | ermands &shopping | wotk of homelretum | somein midst of returning tos ame inmidst of other
shapping returning to s ame trips - esp.on home. Weekends - other errands place (home-hame, errands
place leftfrom meekends =shopping & emrands wodewnork, hos pitak
hospitaly
[ NOTE: Fictional brand and data. |
[Page 4 of 4]
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Example 5

Sample Data and Algorithm Worksheets (se-p 2o explanation]
$outhwest
| A B i (& | 0 | £ | F | @ | H | 1 | 7 E Financial
A { Move your mouse pointer over cell lobel to see data entry definitions {(where necessary). They will appear in a red box offset slightly to the right of the cell. |
- 1= Under 5308
2= 53005508
OBTOMER | Househokd income: 3-S50k 375K | Home Dunership College Grady Gendar Children <18 Married Checking Account Saviags Accomnt ¥
[ fenter 15 ;: 2:::""“" {enter0or 1) {enter tror 1) enterdor ) fester0or 1) fenter 0.0 1 {enter Oor 1 fester Dor 1) l
3 ) 1 I 1 1 1 1
3| 2 1 1 1 o 1 o
5 2 4 A H v | J [k | L [ m | w | o |
;. «, “ CUSTOMER Predicted
g | 110 = 1 1 1 L 1. Accumulators 2. AC“’I!_OTS 3. Goal-Oriented 4. Floaters 5. On m&_ﬂ!\lﬁgl! 1 6. F!’Iam.ﬂ(.d Segm'm | Hame of Sogmlm‘ |
5 12075027 3 5 | 2 | 11079021]  099999905| 000000001 000000000 000000001  0GO000000, 000000000 1 | Accumuiater |
10 11079038 3 3 | 11079022 000000000, 086512243  0.00026014] 0.00000108]  000000001| 0.00000000[ 2 Acuirer
2 5 4 | 11079023 000000120 007775670  D.00000000| 002224001 000000000 000000000 2 Acquirer
5 s | 5| 1107s024| 000000000 000000000) 097652085 000000000 000000000, 000000000 3 GoalOnentad
g 1 000000003 000000000 000000000 000000014|  0989A3002 0O0COO00OG| 5§ Onth
: 2 006096380, 000000000  0.03903219] 000000002 000000000 000000000 1 Accumiz
S z 000000000, 000000000 000110172 050879747 000000000 000000004 4 Floater
3 9 0.00000000] 054560068]  0.00029701| 000000012  0.05402025 D00D0COCG, 2 Acauirer
:_18 11072036/ & 3 0.00000000 018285240 0.00000000 0000000 081711455,  0.00000000 5 On the Bubble
19 113075027 1 2 099415227) 000537785 000000000 000000000)  000045987| 0000D00OO| 1 Accumilator
e — . 000009587/ 000000002| 00003606 000005060 00639456, 000000000 5 | OntheBubble |
R = = 0,00000000] 0.00000001|  0.96876907 | | 000011130 000000000 3 GoakOnented
B : z 0.00000000] 000000001)  0.00000000] 046732772  D.00DD58S8, 000000005 4 Floater
(11070042 1 3 0.00000823| 099979741)  0.00000000] 000000001)  0.00011130] 000000000 2 Acquirer
s [ 11072042 4 099999899, 000000001 000000000 000000000/  000000000) 000000000 1 Accumuiator
e I : 000003215/ 0B1711455| 000000083 018285240 000000000, 00000000 2 Acquurer
e 099999740 000005357 0.00000000| 000000000  000000000] 000000000 1 |  Accumulstor |
000000000, 000006642 066899626 0.00000000) 000000000, 000000008 3 GoalOniented
000000000, 099566637  DO0O0O0DSE| 0001340120  0.00000000! 000D000CO, 2 Acauirer
018 0.00000000 4 Floater
0.00000000| . 000000000) 5 On the Bubble
0.59365417| 000005357 | 000225 000134012 000000000 1| Accumuetor
000000000, 000000600 000000000) 000000000 000008827 & Fragmented
ApMa nonAAneAN! noRATRSNTI  NANNSAAT. nnonannnl  aoonnnannl  nosnannnal 9 Keeviear |
rnanis falutum.
h e | MOTE: Fictional brand and data.
h 4 [Page 1 of 2]

Segmentation Classification Tool
Brief Overview

This classification tool uses customer financial data that are the basis for Southwest Financial customer segmentation.
Data on a wariety of characteristics can be entered to predict the segment to which that person belongs.

The tool containg a "Data” spreadshest in which customer characteristics can be entered Each row represents a
customer and each column represents a characteristic of the customer. Columns A through M contain codes for
customer characteristics. Columns O through W contain walues that are defined by the column header. Any amount that
is "none” must be entered as a '’ in the spreadshest.

The " Algorithm” spreadsheet contains a predictive algorithm that uses data from the "Data” spreadsheet to predict the
most likely market segment for each customer. The algorithm implements a multinomial regression model that predicts
the probability that a customer belongs to each of the segments and classifies the practice as belonging to the segment
with the highest probability value . The model was derived from the original sample of over 800 customers.

Columns H through M contain predicted probabilities for each of the six segments. The segment number and segment
name to which the customer is assigned is presented in Column N and Column O, respectively (as well as in Column Y
and Column £ in the "Data” spreadsheet for convenience).

S

\ g | NOTE: Fictional brand and data. |
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