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SWANTNINU LA pRNARaNAE gale NIFLLANATU an Nsn | NUERudn
IDO021 FEMALE INNER_CITY 17546 NO 1 NO NO
IDO022 MALE TOWN 30085.1 YES 3 YES NO
ID0023 FEMALE INNER_CITY 165754 YES 0 YES YES
ID0024 FEMALE TOWN 203754 YES 3 NO NO
IDO023 FEMALE RURAL o0576.3 YES 0 NO YES
IDO026 FEMALE TOWN 37869.6 YES 2 NO YES
IDO027 MALE RURAL 8877.07 NO 0 NO NO
ID0028 MALE TOWN 24946.6 YES 0 YES YES
IDO029 FEMALE SUBURBAN 25304.3 YES 2 YES NO
IDO030 MALE TOWN 242121 YES 2 YES YES
IDO031 FEMALE TOWN 29803.9 YES 0 NO YES
IDO032 FEMALE INNER_CITY 26658.8 NO 0 YES YES
IDO033 FEMALE TOWN 15735.8 YES 1 NO YES
IDO034 FEMALE TOWN 002047 YES 1 YES YES
IDO035 MALE RURAL 19474.6 YES 0 NO YES
IDO036 = MALE INNER_CITY 22342 .1 YES 0 YES YES
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D002 FEMALE IN/NER_CITY 17546 NO 1 NO NO
ID0022 MALE 1 FEMALE = 1 1 YES 3 YES NO
ID0023 FEMALE | MALE = 2 4 |YES 0 YES YES
ID0024 FEMALE 1% 44 |YES 3 NO NO
ID0O025 FEMALE m 20576.3 YES 0 NO YES
ID0026 FEMALE TOWN 37869.6 YES 2 NO YES
IDO027 MALE RURAL 8877.07 NO 0 NO NO
ID0028 MALE TOWN 24946.6 YES 0 YES YES
ID0O029 FEMALE SUBURBAN 25304.3 YES 2 YES NO
ID0O030 MALE TOWN 242121 YES 2 YES YES
IDO031 FEMALE TOWN 09803.9 YES 0 NO YES
ID0032 FEMALE INNER_CITY 266508.8 NO 0 YES YES
ID0O033 FEMALE TOWN 15735.8 YES 1 NO YES
ID0034 FEMALE TOWN 95204.7 YES 1 YES YES
IDO035 MALE RURAL 19474.6 YES 0 NO YES
IDO036 = VIALE INNER_CITY 223421 YES 0 YES YES
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D002 FEMALE INNER_CITY 17546 NO 1 NO NO
ID0022 MALE TOWN / 200264 V':C‘\ 3 YES NO
ID0023 FEMALE INNER_CITY INNER CITY = 1 0 YES YES
ID0024 FEMALE TOWN TOWN =2 3 NO NO
ID0O025 FEMALE RURAL RURAL = 3 0 NO YES
SUBURBAN =4
ID0026 FEMALE TOWN 2 NO YES
IDO027 MALE RURAL \7 ///_W—N'CT/ 0 NO NO
ID0028 MALE TOWN % 24946.6 YES 0 YES YES
ID0O029 FEMALE SUBURBAN 25304.3 YES 2 YES NO
ID0O030 MALE TOWN 242121 YES 2 YES YES
IDO031 FEMALE TOWN 09803.9 YES 0 NO YES
ID0032 FEMALE INNER_CITY 266508.8 NO 0 YES YES
ID0O033 FEMALE TOWN 15735.8 YES 1 NO YES
ID0034 FEMALE TOWN 95204.7 YES 1 YES YES
IDO035 MALE RURAL 19474.6 YES 0 NO YES
IDO036 = VIALE INNER_CITY 223421 YES 0 YES YES
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D002 FEMALE INNER_CITY 17546 NO 1 NO NO
|ID0022 MALE TOWN 30083.1 YES 4 ES NO
IDO0Z3 FEMALE INNER_CITY 165754 YES NO =0 ES YES
YES=1
ID0O024 FEMALE TOWN 203754 YES \__ O NO
IDO025 FEMALE RURAL 50576.3 YES / 0 NO YES
ID00Z6 FEMALE TOWN 3/869.6 YES 2 NO YES
IDO0Z7 MALE RURAL 8877.07 NO 0 NO NO
IDO028 MALE TOWN 24946.6 YES 0 YES YES
IDO029 FEMALE SUBURBAN 25304.3 YES 2 YES NO
IDO030 MALE TOWN 24212.1 YES 2 YES YES
IDO031 FEMALE TOWN 59803.9 YES 0 NO YES
ID0032 FEMALE INNER_CITY 26658.8 NO 0 YES YES
IDO033 FEMALE TOWN 15735.8 YES 1 NO YES
ID0034 FEMALE TOWN 55204.7 YES 1 YES YES
IDO035 MALE RURAL 194746 YES 0 NO YES
IDO036 = VIALE INNER_CITY 223421 YES 0 YES YES
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LWA pRAMARaAE sala NISLLENNTU an dsn | AduENuAn
1 1 17546 0 1 0 0
2 2 30085.1 1 3 1 0
1 1 16575.4 1 0 1 1
1 2 203754 1 3 0 0
1 3 20576.3 1 0 0 1
1 2 37869.6 1 2 0 1
2 3 8877.07 0 0 0 0
2 2 24946.6 1 0 1 1
1 4 25304.3 1 2 1 0
2 2 24212 1 1 2 1 1
1 2 59803.9 1 0 0 1
1 1 26658.8 0 0 1 1
1 2 15735.8 1 1 0 1
1 2 25204.7 1 1 1 1
2 3 19474.6 1 0 0 1
1 1 223421 1 0 1 1
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TO1
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TO4
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TO7
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{Meat, Seafood, Soup, Snack, Drink, Vegetable, Dessert}
{Meat, Soup, Vegetable, Drink}

{Soup, Meat, Vegetable, Drink, Seafood, Snack}

{Soup, Meat, Drink, Seafood, Dessert}

{Soup, Meat, Vegetable, Drink, Snack} .
{Soup, Meat, Seafood} P
{Soup, Meat, Vegetable, Drink} o
{Soup, Meat, Drink, Dessert} "
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1. {Meat, Drink} -> {Soup}
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2. {Meat} -> {Soup, Drink}
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Njﬁ'fammmetﬁwffmdaﬁw%'u Classification

1 cold no no same stock
2 cold no no same stock
3 cold ho yes more stock
4 cold yes no more stock
5 cold yes no more stock
6 rainy no no same stock
7 rainy no no same stock
8 rainy yes no same stock
9 rainy ho yes same stock
10 rainy no no same stock
11 hot no yes more stock
12 hot no no more stock
13 hot no yes more stock
14 hot no no more stock
15 hot no no more stock
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s

1 cold no no same stock
2 cold no no same stock
3 cold ho yes more stock
4 cold yes no more stock
5 cold yes no more stock
6 rainy no no same stock
7 rainy no no same stock
8 rainy yes no same stock
9 rainy ho yes same stock
10 rainy no no same stock
11 hot no yes more stock
12 hot no no more stock
13 hot no yes more stock
14 hot no no more stock
15 hot no no more stock




season

Hot

more stock

Yes

| ~—_ Rainy
Cold

holiday '

-

Samelstock

more stock

Yes

No

end of month

I No

more stock

‘same stock
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Rule1: IF (season = hot) then More Stock

Rule2: IF (season = cold) and (holiday = yes) then More Stock

Rule4: IF (season = cold) and (holiday = no) and (end of month = no) then Same Stock

(
(
Rule3: IF (season = cold) and (holiday = no) and (end of month = yes) then More Stock
(
Rule5: IF (season = Rainy) then Same Stock
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Gross Sales Average Cost of Goods Sold
BY DATE
a
2
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: $145.48K
Sep 2013 Nov 2013 Jan 2014 Mar 2014 May 2014 Jul 2014 Sep 2014 Nov 2014
Profit Profit
BY COUNTRY BY COUNTRY
¥
France
Germany

Country

United States of A...

Canada

Mexico

s2M $3M $4M
Profit
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Atlantic
Ocean
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GoSquared Lead Conversion Report

New Leads This Month

MNew Leads Last 7 Days New Leads Today S @ -————————
90 38 2 eads Captured by Assistan

300
¢ 1.8 § 900 ® BI3%

250
Select Landing Page

200

Select Campaign
150

Select date range
100
50
Returning Leads ot

Organic Social 4 1an2020 Mar2020 May2020 Jul2020  Sep2020
Feb 2020 Apr 2020 Jun 2020 Aug 2020 Oct 2020

Latest Leads Landing Page Title Country Last Seen Last Viewed Page Title

Oct 22,2020 All-in-0ne Growth Software Oct 22,2020 Create Free Account

Qct 2, 2020

s gosquared.com 12 Acrma Corp alternatives that are free Canada

rachel@igosquared.com All-in-One Growth Software United Kingdorm  Oct 21, 2020 All-in-Cne Growth Software

chris@gosquared.com Latest Blog Post Ukraine Oet 21,2020 Company Blog 1
liviiggosquared.com OCct 21,2020 Iz Acrme Corp Alternatives that are free..  Brazil Oct 21,2020 All-in-One Growth Software =
r@gesquared.com Oct 21, 2020 Latest Feature United States Oer 21,2020 Planz and Pricing &
geoffdigosquared.com Oct 2. 2020 All-in-One Growth Software Vietnam Oct 21,2020 All-in-One Growth Software
harvey@gosquared.com Oct 20,2020 Plans and Pricing Brazil Oet 20, 2020 Plans and Pricing

1-100/ 867 >

Plans and Pricing ._ _______
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