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"Use past to predict the future”

* Whatis Al?

* What is Machine Learning?

* How do ML algorithms work

* How to build ‘custom’ ML model

* How to build Al ready Business Central App

mibuso.co



In the previous series...



NAV TechDays 2017: Opening Keynote O »

Artificial 3 il |
— . ' y \...
Intelligence™ |-\ "%

Terminator - Rise of The Machines

e—

WHEN YOU ARE PASSIONATE ABOUT MICROSOFT DYNAMICS NAV | www.navtechdays.com



NAV TechDays 2017: Opening Keynote O »

é — O 6 google.co.uk

Q artificial intelligence willl

artificial intelligence will

artificial intelligence will destroy humanity
artificial intelligence will never happen
artificial intelligence will replace us

artificial intelligence will take over the world
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... At least nowadays ©



Intro to Al it

mibusc.com

Artificial Intelligence (Al) —
tasks that are characteristic of human intelligence

* Language and speech understanding @ ------------ - =

* Recognizing objects and sounds

* Prediction etc.







Intro to Al, ML, DL ;

mibuso.co

Artificial Intelligence (Al) —

tasks that are characteristic of human intelligence

AI = |Language and speech understanding
= Recognizing objects and sounds
= Prediction etc.

ML Machine Learning (ML) —

a way of achieving Al

= Algorithms
= Education from data

Deep Learning (DL) —
only one type of ML algorithm




What is Machine Learning?

Machine learning is the process by which a
machine (computer) is capable of showing behavior
that has not been explicitly programmed into it.
(Arthur Samuel, 1959)

Computers “learn” from data in order to perform
predictive analytics




Types of Machine Learning

Supervised Learning

Used when you want to find unknown answers and
have data with known answers. Also known as
training with a teacher.

Unsupervised Learning

In this case there is no teacher and the "training
sample"” consists only of objects.

A student, having only a list of objects, must
determine how objects are related to each other.




Example of supervised
learning

Which customers will buy a bike?




Example of supervised
learning

Analyze historical data set that includes predictive attributes and known
answer

*\Voman

«20-30 Years Old
lncome 2-4K

*0-1 kid

Lives in the Center
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Search for common insights in data and separate them in groups

ow IS the world’s wealth shared
amongst its population?

§ sameren g

SES
=

-

9 P

68.7% 3.0% 22.9% 13.7% 1.7% 42.3% 0.7% 41.0%
<10,000 10,000-100,000 100,000-1 million >1 million




How do Machine Learning
works?




Machine Learning process

Get Data Train Model

Define Question Clean, Prepare Tect Data

& Manipulate Data



Step 1

Define a business problem
Specify exact question. It should start with

* WHEN, HOW MUCH?

* WILL BEOR NOT, ISTHIS?
* INWHAT, WHERE?

* FIND ANOMALY Define Question
* HOWTHIS IS ORGANIZED?

The exact question is the key to the answer!




What will we ask today?
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Microsoft Azure Machine Learning Studio
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Step 2

Search for data
* Use any available source: public or private
* Should be: Relevant, Complete, Exact, Sufficient

Search for data insights

* Use any available tool: Excel, Power Bl, Jupiter
Notebook

* Use any available language: Python, R, DAX, SQL
* Find: Relationships, correlations, features, statistics



Where to search?

Public

* https://data.world

* https://toolbox.google.com/datasetsearch/

* https://archive.ics.uci.edu/ml/datasets.html

* https://www.kaggle.com

* https://msropendata.com/

* https://github.com/awesomedata/awesome-public-datasets

Private
» Customer ERP, CRM or other systems
* Customer Excel, PDF, CSV files

Generate Data



Data
Insights

Tools

Jupiter Notebook
Power Bl

Excel

etc.

@ Total Orders @ Total Stock @ max_stock_guantity
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. Chocolate ke Cream

Dessert

Grapes

Orange Juice
Oranges
Scrambiled Eggs
Shnmp Cocktadl
Shrimp Salad
Tea

rice pudding



Demo

NA
TE

DA

mibusc.com



Data insights
*Is your data relevant?
*Do you have connected data?
*|s your data accurate?

*Do you have enough data to work with”?



Data insights

* |s your data relevant?

Irrelevant Data

Price of milk Red Sox
($/gal) batting avg.

Blood alcohol
content (%)

Relevant Data

Body mass

(kg)

Blood alcohol
content (%)

A

H

I

mibusc.com
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Data insights

* Do you have connected data?

Disconnected Data Connected Data

Grill temp. Weight of Burger rating Grill temp. Weight of Burger rating
(GELW L EL) (out of 10) (Fahrenheit) | beef patty (Ib) (out of 10)




Data insights

* |s your data accurate?

Inaccurate Data

Accurate Data




Data insights

* Do you have enough data to work with?

Barely enough data




Data insights
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TopM
B TopM Value

names_list

in_children_menu
date
manth

] Date

date
= DayMNo

year

M _Measures

o DayMName day

Last Refresh
Bl 9% of Total Orders
Bl GrandTotal Orders
Bl Orders vs Stock
Bl TopN Menuitem

day_of week
fest_name
Music_Event
Children_Event

5
- = orders Bl Total Orders
AML-restaurant-menu-items 5 i
< W SIOCK QUi Bl Total Stock
menu_item_id 2. stock_count Bl RT Total Orders
menu_item TE go list

B RT Total Orders LY

Bl Total Orders LY
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Bl TopN Days

Bl TopN Stock

Bl Total Orders Predicted

in_children_menu menu_item_id

names_list




Data insights
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VISUALIZATIONS

FILTERS

Page level filters

Report level filters

menu_item_id (All)

DRILLTHROUGH

Keep all filters
off O—

PINCHIU_BLERNI_ 1WA

DRILLTHROUGH

Keep all filters
off O—
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Date
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TopM



Data insights
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Restosa lE‘S Display Options ~ ﬁ'

let
Source = Csv.Document(File.Contents("G: \Menu Items Forecasting\restaurant-sales-by-menu-item (1).csv"),
[Delimiter=",", Columns=14, Encoding=1252, QuoteStyle=QuoteStyle.None]),

B o T e L s B B R e . e L BT R, FPe e e = AT T m T e e TR

AML-restaurant-menu-items s ®

let -~
Source = Csv.Document(File.Contents("G:\Menu Items Forecasting\AML-restaurant-menu-items.csv"”),[Delimiter=",", Columns=3, Encoding=1253,
QuoteStyle=QuoteStyle.None]),
#"Promoted Headers" = Table.PromoteHeaders{Scurce, [PromoteAllScalars=true])},
#"Changed Type" = Table.TransformColumnTypes(#"Promoted Headers"”,{{"", Int6d.Type}, {"menu_item"”, type text}, {"in_children_menu", Inté&4.Type}}},
#"Renamed Columns” = Table.RenameColumns{#"Changed Type",{{"", "ID"}}),
#"Changed Typel"” = Table.TransformColumnTypes({#“"Renamed Columns”,{{"in children menu”, type logical}}),

#"Duplicated Column” = Table.DuplicateColumn(#"Changed Typel"”, "menu_item", "menu item - Copy"),

#"Renamed Columnsl” = Table.RenameColumns(#"Duplicated Column”,{{"menu item - Copy", "menu_item key"}}),
#"Lowercased Text"” = Table.TransformColumns{#"Renamed Columnsl”,{{"menu item key”, Text.Lower, type text}}),
#"Renamed Columns2" = Table.RenameColumns(#"Lowercased Text",{{"menu item key”, “"names list"}, {"ID", "menu item id"}})

in L
#"Renamed Columns2”

v No syntax errors have been detected.

Dane Cancel
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Jdate * DayNo * DayName =~
- Date = CALENDARAUTO() 1/01/2015 5 Thursday
— . 2/01/2015 5 | Frid
» DayNo = WEEKDAY ('Date'[date];2) ;:mimr =
-
[ —
DayNar"ne : " " 4/01,2015 7 Sunday
format('Date’[date];"DDDD") R N
‘ Home Modeling Help
g LEI \J - m Data type: Text = 6/01,/2015 2 Tuesday
age | New vew New | Setby | e 7/01/2015 3 Wednesday
nships  Measure Column Wable Parameter |Column>| i} oo [AULE
inships Calculations What If DayMame (Default] tting EI."I.EI_.-"I.EE'.IE _.-‘_J'_ ThurSda-,'.
-_l DayName = Wormat{'Date’[c date
e e | s 9/01/2015 5 Friday
1/01/2015 4 Thursday 10/01/2015 £ Saturday

2/01/2015 5 | Friday
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Date = CALENDARAUTO()

names_list
in_children_menu
date

month

year

day

™ Date

date
£ DayNo
TA DayName

DayNo = WEEKDAY('Date'[date];2)

day_of week
fest_name
Music_Event

Thildran Fusnt

DayName = format('Date'[date];"DDDD")




Data insights

Total Orders =
SUM ( RestoSales[orders] )

Total Orders LY =

CALCULATE (
SUM ( RestoSales[orders] );
SAMEPERIODLASTYEAR ( 'Date'[date] )

DifE % =

DIVIDE (
( [Total Orders] - [Total Orders LY] );
[Total Orders LY]

NA%
TEGH
DAYS

Last Refresh -
B 9% of Total Orders
B GrandTotal Orders
B Orders vs Stock
B TopN Menultem
B Total Orders
B Total Stock
B RT Total Orders
B RT Total Orders LY
B Total Orders LY
B Diff%
B TopN Days
B TopN Stock -



Data insights

GrandTotal Orders =
CALCULATE (
[Total Orders];
ALL ( RestoSales )

% of Total Orders =
[Total Orders] / [GrandTotal Orders]

Last Refresh N
B 9% of Total Orders
B GrandTotal Orders
B Orders vs Stock
B TopN Menultem
B Total Orders
B Total Stock
B RT Total Orders
B RT Total Orders LY
B Total Orders LY
B Diff %
B TopN Days
B TopN Stock v



Data insights

names_list

boiled potatoes
boiled eggs

pear

sweet potatoes
rice pudding
orange
marmalade
corned beef hash

chocolate ice
cream

biscuit tortoni
crab flake cocktail
tea

cream cheese
french fried
potatoss

fruit

sardines

oranges
strawberry ice
cream

scrambled eggs
chicken sandwich
shrimp salad
srange juice
crackers

blue point oysters
sauterne

aranges
strawberry ice
cream

scrambled eggs
chicken sancwich
shrimp salad
orange juice
crackers

blue point oysters
sauterne

stewed carn
sliced tomatoes
plums

oyster cocktail
grapes
nesselrode
pudding

roquefort cheese

Total Total Diff %
Cirders  Orders
Ly
284
212
156
3218
EES]
147
284
205
210 408 31615
122 159 | 20,33%
341 44> [Nageas . -
319 394 | 23571%
166 192 | 15.66%
255 200 | 13.73%
174 188 8.05%
440 464 5.45%
182 189 3855
426 442 376%
260 259 3.46%
368 278 SFate
120 4z0 0.00%
1592 158 | 0.63%
426 410 2765t
208 200 -3.85%
- .

182 189 3.85%

226 192
151 i19 §
406 319 |5
209 148

257 170

Total

» Overview

9.743 10.290°

Sales by Period Compare Last

L. ra;:al Trit=al Oirrdarg | \A!fzc 10 29N arrnes all thraa narinds

Wednesday
May

Menday
September

Friday

.. Total

2400
1.794
1.794
2.631
2.631
6.834

7.183

2.500  44,37%
2500 |
2442 -TA8%
2442 el
5.11%

7.183

powered by Marrative Science

Best selling items

Top N during Festivals

873

927 896

927 896
1.109  1.230
1.109 1.230

2.909 3.107

in_children_menu False True
Year Total Total Diff 2% Total Total Diff %
Crders LY Orders Orders Orders
Ly
2017 6.834  7.183 5,11% 2.909 3.107  6.81%
February 2.400 2151 10.71% 873 981 12.37%
City Lights 2409 2,151 873 ool (2575
May 1.794  2.590 44,37% 927 896 -3,34%
The ¥ Festival | 1794 2590 927 == i
September | 2.631  2.442 7.18% 1.109 1.220 10.91%
Wirless Festival 2.631 2.442 1100 1230 0815
Total 6.834  7.183 5.11% 2.909 3107  6.81%
in_children_menu  False Trus
 vear Total Total Diff %% Total Total DiFf 22
Cirdsrs  Orders Orders  Crders
L
2017 6.824  7.183 5.11%  2.909  3.107 6.81%
February 2.408 2.151 -10,71% 873 981  12,37%
Meonday 2151 | as1 i
Wednesday 2.409 -100,00% | 873 | -1o0,00% |
May 1.794  2.590  44,37% 927 896  -3,34%
Monday 1.794 zsoo [ az7 896 -3.34%
September 2.631 2442  -7,18%  1.109  1.230  10.91%
: Friciay 2.631 2442 Eees 109 230
. Total 6.824 5.11%  2.909  3.107

Thls anaty3|s measures Total Orders by fest _name.

-3.34%
“334%
10.91%

| tosin

O - 3

: : February : May S rﬂml.er :
GBS o v T RN SN DO SO S | NG SN T

:K ‘

0K

This anatyéis measureé Total Orderé by fest_nanﬁe.

Total Total Orders was 10,290 across all three periods. '

'+ Values ranged from 3,132 (City Lights) to 3,672 (Wirless Festival), averagmg 3 430

Total Orders decreased every period, beginning at 3,672 i in Wirless Festwa[ and endmg at 3, 132 in City nghts
The Iargest single decime occurred in City nghts (- 10%}

Top 10 Sales days

L2K

Duplicate of Top 10 Sales days

Year ~ in_children_menu

2015 2016 2018 False True

Tin_children_menu @ False @ True @ Total Orders LY

lin_children_menu @ False @ True @ Total Orders LY

February . May

RT Sales by Period Orders vs Stock Go List

Go List Predic

VISUALIZATIONS

FILTERS

Page level filters

fest_name
is not

Report level filters

menu_itermn_id (A1)

DRILLTHROUGH

Keep all filters

on —&

Drag drillth

TVELIE L ST VS TS S

menu_kern_id {All)

DRILLTHROUGH

Keep all filters
On —@

drillth

mibusc.com
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; VISUALIZATIONS FIELDS
names_list City Lights The W Festival  Wirless Festival  Total names_list Fetiruary May September Total in_children_menu February May September Total
aranges 397 SR 50 sranges 291 462 _ 1.520 False 4.881 4.380 5.136 14.397 =
arange juice 430 448 1.463 arange juice 4320 1.463 orange juice 430 245 1.463
scrambled eggs 373 207 INSEEY 1328 _ scrambled =ggs 373 407 m 1.328 scrambled eggs 373 207 INSSEY 1328 « EE _Measures
boiled potatoes 453 464 | 1.264 boiled potatoes 37 463 16 1.264 boiled potatoes 337 463 464 1.264 - e
chocolate ice cream i 1.264 chocolate ice cream 1.264 chocolate ice cream 484 | 300 480 1.264 i Tl ek s
rice pudding 1.244 rice pudding 1.244 t=a 347 425 457 1.229 Rt
tea 1.229 tea 1.229 biscuit tortoni | 327 391 39z 1.110 M § GrandTotal Or...
grapes 1.187 agrapes 1.187 blue point oysters 40z [INSEE] 458  1.1D4 B Last Refresh
swest potatoes 1.175 sweet potatoes 1.175 corned beef hash (IS ST 459 350 1.066 Orders vs Stock
biscuit tortoni 1110 biscuit tortoni 1110 shrimp salad 157 1016 B = RT Total Orders
blue point cysters 1.104 blue point cysters 1.104 stewed prunes 959 M © RT Total Order...
corned beef hash 1.066 corned beef hash 1.066 cream chaese 941 M= TopN Days
shrimp salad 1.016 shrimp salad 1.016 dessart Ba3 FILTERS B Toph Menulte
stewed prunss asg9 stewed prunss asg bailed =ggs 810 e
creamicheese 041 crearmchecse 941 ° True 7.765 * ¢ P I fiers B
chicken sandwich 218 chicken sandwich 918 oranges 1.520 - & Toal ?’ders
Fruit 870 fFruit 870 rice pudding 1.244 fest_name M = Total Orders LY
sliced tomatoes 851 sliced tomatoes 3 851 grapes 463 1.187 is not W = Total Orders P...
dessert 843 dessert 418 Ba3 sweet potatoes | 426 1.175 M E Total Stock
boiled eggs aio boiled eggs 810 chicken sandwich 416 (T 918 Report level filters B AML-Predictions—Fe...
shrimp cocktail 762 Total 7.079 22.162 fruit 359 870 . : —
T 652 sliced tomatoss 341 851 menu_itern_id. (All) B Sl ottty nee
milk 624 Total 6.784 7.979 22.162 B Datc
roquefort cheese 624 DRILLTHROUGH BE RestoSales
nesselrade pudding 619 -
T e . Keep all filters B TopN

sardines 596 SR cUDESE Seing rems - i . —
plurms 502 This analy'sis measures Tc')lal Orders by n'ames list and tiy Month_ -
Ste:i;j:mi =T ::; « Total Total Orders is 22, 162 across all 20 entities.
AR °: = The distribution ranges from 810 (boiled eggs) to ‘1 520 {oranges), a difference of 710, awveraging 1 108.
ST G L 270 poiled eggs SU 11] chicken sandwich 410 S _ y1y MEPLIL IEVEL et 3 AMI-PradictionsFa.
shrimp cocktail 762 Total 7.399 6.784 T.979 22.162 fruit 302 359 870 = id (Al

S menu_itemn_id (Al -resta -me...
pear 652 sliced tomatoes 327 341 851 s ! Sttt e
milk 624 Total 7.399 6.784 7.979 22.162
rogquefort chesse 624 : . DRILLTHROUGH
nesselrode pudding 619

[ 616 Keep all filters
sardines 596 ST d . .
plums 502 This anaiy_s:s measures Tgtal Orders by names_hst and by Month. -
stewed corn 564 : e i -
e sty s « Total Total Orders is 22,162 across all 20 entities.
- . » The distribution ranges from 810 (boiled eggs) to 1,520 (oranges), a difference of 710, averaging 1; 108 :

orange marmalade .
e g _+_The distribution of entities follows a narmal distribution with a mean of 1 ,108 and a standard dewat[on_ of 207.09, .
Gl As siich, you can expect more than 68% of the entities to have a value between 901 01 and 1 315
HystesocHal ! 2L « The top four entities account for a quarter of overall Total Orders.
Hepeiet ot o » The individual entities discussed in detail are selected based on the:total Total Orders across all subcategones
crackers 19 449
Total 10.125 9.510 11.218 30.853 For oranges

=

"« Total Tofal Orders is 1 520 across all three subcateaones (renresentma 6.86% ofthe total Total Orders across all
powered by Narrafive Science

» Overview Sales by Period Compare Last Best selling items Top N Top N during Festivals Top 10 Sales days Buplicate of Top 10 Sales days RT Sales by Period Orders vs Stock Go List Go List Predic. 4
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Data insights

Fr = 0 |
Home View Modeling Help Format Data / Drill ] y I =T

Data type: Whaole Number

UE§ EE
iy qqhmr-ﬁﬂﬂﬂﬁh-_-

Manage Mew Mew et a = =
Relationships Measure Column Table FParameter! Column $ 7 I’E: ¥ bol@ ¥ |
Felationships Calculations What If Sort Formatting

1 TopN = GENERATH New Parameter O

i_reate a new what-if parameter

i = : _ Menultem it

: rice pudding whose value you can set in a slicer

: and reference in other DAY 0

: R formulas, f ' i

TopN Menultem =
VAR SelectedTop =
SELECTEDVALUE ( 'TopN'[TopN] )

RETURN
SWITCH (
~F TRUE ();
M & TopN Value SelectedTop = ©; [Total Orders];
RANKX (

ALLSELECTED ( RestoSales[names_list] );
[Total Orders]
) <= SelectedTop; [Total Orders]



Data insights

e Chi

names_| TopM Menulten . ; . . . . :
- =
T names_list False= True Total names_list January February March April May June  July August September October Nowvember December lolal
orange juice boiled potatoes 1.264 1.264 aranges 462 667 1.520
seyambled-eags chicken sandwich gig aranges juice 585 430 1.463
e e chocalate ice cream 1.264 1.264 scramblied eggs 548 1.328
Thothlateioe craai grapes 1.187 boiled potatoes 463 464 1.264
Total 5 30.85 arange juice 1.453 1.463 chocolate ice cream 484 480 1.264
o oranges 1.520 1.520 corned beef hash 459
rice pudding 1.244 cream cheese 422
scrambled =ggs 1.228 1.3228 grapes 435 452
sweet potatoes 1475 rice pudding 554
tea 1229 stewed prunes 427
Total . 21.470 9.383 30.853 Total 7.299 B6.784 . 7.979 22.162
< - >
o I names_list @bluspoint oysters @ boiled potatoes @ chocolate ice cream @ grapes @ orange juics oranges @ rice pudding @ scrambled eggs @ stewed prines sweet potatges Wi=a
% boiled tat ' ' i i : = = = ' :
oranges 2K -l,;l ek s e -
: i : : ces 585616
: : : 533 506 . 483 - -
500 - iz6 &£39440 426409 T G4Z ﬁ 460
o o i I I . . = I i
- 2015 - - 20148 2017 zong -

T e 0 e e
K B

orange jui
1K

TR EeE e S S T T e e e

SR
PO s ¢ R 426 539440 4264n9

o i ¢ I I .

2015 : ¢ 2016
i RO B s sospaacs: o ; ; ;
1K :

orange jui.
1K

scrambled eggs 4 : Y
1K o  TopN Menuitem by DayName and

mes_list

‘names_list @blue’point oyst.. @ boiled potat.. @ chicken'san... @ chocolate i¢

@ comed beef .

: 530
£ 500 455

E' : : 435 - : :
: : : : : : 225
: £ G : ; : :

O . . . . Monday Tuesday

Wednesday

[ Overview Sales by Period Compare Last Best selling items Top N Top N during Festivals Top 10 Sales days

: 368 34 3515
- 266 - ] :
¢ 209 zmi 5 I i 189 238 37 205

Duplicate of Top 10 Sales days

rrad hesf @ deccacs @ araned -nr:nn=ﬁ-6:{e_ _&Zr:nnaﬁu’ﬁzig el Ao @ orr=

2

2017

@ dessert @agrapes @orange juice U dranges @rice pudding @ scrambled e

403

Thursday . Friday Saturglay

RT Sales by Period Orders vs Stock

za?I i? :

b

1z

2018

shrimp =alad . ]

384

3:1 1 330

- Sunday

Go List Go List Predic. 4
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Data insights

B4

Year TopN Days in_children_me...
- i

3
[
-]

J
'l.
I
Q
Q
:
3
=
i

2016 1.058.264 Lin ] Custom = gl day -

vrijdag 22 december 2016

4500

vrijdag 15 januari Z016 4000

vrijdag 5 augustus 2016
donderdag 15 september 2016

n o Select All
s 3000 <
vrjdag 12 augustus 2076 | 2
2017 1.053.740
vrijdag 1 december 2017 j 2000
vrijdag 15 december 2017 1500 :
vrijdag 3 maart 2017 R L E B E ¥ B AR
o , 1000
wrijdag 20 januari 20717
vrijdag T4 juli 2017 . B.676| = :
2018 |  7e69.238 o SHEERES
1 . Jan 11 .

3500

: I‘I‘lll‘l\‘|||‘|||||I‘|\|‘II|\‘ ‘ I‘lll‘l‘llllll‘l‘|\I\‘I‘|||II -
vrijdag 23 februari 2018 Jan 21 - Feb 1 . Feb 11 & - Mar 1 .].\dar 11 hn!ar 21 :

Jan 2017 2 = Feb 2017 f: 2 Mar 2017
zaterdag T september 2018 = =

vrijdag 5 januari 2018
vrijdag 2 februari 2078
vrijdag 13 juli 2018

2015 |  280.546
vrijdag 2 oktober 2015
vrijdag 27 november 2015 . U 100K o _— — v e
vrijdag 25 december 2015 . ; 99k FD2K
vrijdag 20 november 2015 B =

mharts_.

10&K - 106K 104k © qmsk : : 105K

vrijdag 13 november 2015
Total 3.161.788 R
: SoK = = = = = = = SI

City Lights.

The V Festival o !
vijdag 21 november 2015 : i e lEpRE e Tl
vrijdag 25 december 2015 ; ; ; :
vrijdag 20 november 2015 . . . . . . . . \

vrijdag 13 november 2015 : : : : : 5 : : \
Total | 3.161.788 : i : : : : ; ; \
50K 7 ; 7 7 7 ; 7 59K:

fegt_name

City Lights:

: TopN Days by Day and fest name = i i i i i L e P B4
The V Festival : P FEERTES TR : : : : ; : T :
1 Wirless Festival " fest_name @ City Lights @The V Festival @ Wirless Festival

4K 37K i i : 17K

JBK

33K

Overview Sales by Period Compare Last Best selling items Top N Top N during Festivals Top 10 Sales days Duplicate of Top 10 Sales days RT Sales by Period Orders vs Stock Go List Go List Predi:lg +
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Data insights

fest_name ;_Total Drders and ;"_Fotaf Stock by Yeat

;@ Total Orders @ Total Stock 3 : : 3 . : : 7 8 3 9 %

. Orders vs Stock

0.98M ' Total ﬂrclers To!af Stock 3nd Ondefs Vs ‘_-.toclc_

= 1,0M

:: Total Stock

o DR BISSre SUSSLS SSSR . SHNZCES CNALONS G w R T e
fest_name Total Orders Total Stock Orders vs Stock: 0.28M

2 = :

City Lights 10.125 10.319 98,12% :

Wirless Festival i1.218 11.620 96,54% s

The W Festival 9.510 10.342 91,96% e 2015 3016 “ Q17 i 2018

3.130.935 4.001.225 WEEESH e coco: soeshiodns sssmioow svselnoow: oossmoowrr soeiiiooatr sorsmioogs soeslnvam: sossmowr: soseimos: oorssmoosr: ooelinor: sossmtooa: ol
Total 3.161.788 4.033.506 78,39%

Total Orders, Fotal'Stock and max = stcck - guantity- by marmes dist -

W Total Orders .To‘talStock W max stock quantity
250K

‘”]J.,“jj

_ J;JJJJJII-- : : ; ; :
Totler-:!ers TotalStockandmaxstock ql.ranttt}byrxames Jigt- s copdliimIirs  SUmiclenins  cCpimINTs  oaERCNmnT  oowoliGNmIns  CCwRioNEINTs  oopEiGUs  SoRERoun oo

& & 2D @‘ &
2% = A & ' 2
D'@ .-,\.Lo .53," t&“’ ‘C"‘ (o

A i
'\E’\ 'SL e}@@ 4 GL\*_\ '\'Be)z é\ﬁ @\ﬁa " dta-
) ?ﬁ.;é@. D e ‘E’c}-ﬂizfL - (@‘? G@@ g‘i'@ 'OU\ i .

&
4 b +|ew | Sales by Period Compare Last Best selling items | Top N ‘ Top N during Festivals Top 10 Sales days Duplicate of Top 10 Sales days RT Sales by Period Orders vs Stock ‘ Go List | Go List Predictions -

i @ Total Orders .Tmal Stock @ max stcrck quantity
i 250K

§ 150K

! 100k

50K
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Data insights

o go list Ic_;:nl'\l Menultem Year
gn 115t = False i 1.623.384 2016
I F ( rice pudding T1.877 vrijdag 4 maart 2016
< sweet potatoes B8.748 vrijdag T2 augustus 2016
RestoSales[stock count] > RestoSales[max_stock gquantity]; oranges 68.082 urijdag 20 mei 2016
grapes 58.633 maandag 11 januari 2016
TRU E _; cliced tomatoes 57.748 vrijdag 7 oktober 2076
True 1.538.404 2017
FAL S E oranges 6116 vrijdag 1 december 2017
} rice pudding 65.264 vrijdag 20 januari 2017
grapes 61.232 . . vnjdag 14 apnl 2017
sweet potatoes £80.740 vrijdag 15 december 2017
chicken sandwich 54,7309 vrijdag 7 juli 2017 2304
Total 3.161.788 2018 373.717
TDpN MenuItem = : : vijdag 23 februari 2018 . 2Eoe
. . vrijdag 5 januari 2018 2404
HAH SelectEdTDp ” s pew e pemes ven b JJ e R 2371
: . ; : vrijdag 6 april 2018 2291
SE L ECTEDUALUE { TGpM [ TD pN ] ) : : woernsdag 28 februari 2018 E:EQ&
: : 2015
RETURN : : maandag 9 november 2015

SNITCH ( vrijdag 20 november 2015

woensdag 16 december 2015

TRUE (); | e e s
SelectedTop = @; [Total Orders]; ;  Total | 1.538.404
RANKX ( ' | ' '
ALLSELECTED ( RestoSales[names_list] );
[Total Orders]

) <= SelectedTop; [Total Orders]




Data insights

TopM Menuitem

Vear

TopM Days

rice pudding
sweet potatoss
oranges
grapss
sticed tomatoes
True
cranges
rice pudding
grapes
sweet potatoss
chicken sandwich
Total

1.623.384
FAEBTT
68.748
&8.082
s2.633

57 148
1.538.404
&7.116
65264
1.232
&0.740
54.739

2. 161.788

2016
wrijdag 4 maart 20718
wrijdag 12 augustus ZO16
wrijdag 20 mei 2016
maandag 11 januari 2016
wrijdag 7 oktober 2016
2017
vrijdag T december 2077
wvrijdag 20 januari 2017
wrijdag 14 april 2017
wrijdag 15 december 2077
wrijdag 7 juli 2007
2018
vrijdag 23 februari 2018
wvrijdag 5 januari 2018
wrijdag 21 september 2018
wrijdag 6 april 2018
woensdag 28 februari 2018
2015
maandag 9 november 2015
vrijdag 20 november 2015
woesnsdag 16 december 2015
donderdag 12 november 2015
maandag 30 november 2015
Total

TopM Menultem

Year

False rice pudding

516.249

sweet potatoes

False oranges
False grapes

True rice ...

SO

1.538.404

False sweet
potatoes

False
oranges

pudding

False sweet:
potatoes

False yice
pudding

Toph Day:

rice pudding
sweet potatoes
oranges
grapes
sliced tomatoes
Trus
oranges
rice pudding
grapes
sweet potatoes
chicken sandwich
Total

1.6232.284
T18TT
58.748
s2.082
58.633
57.148
1.528. 404
&7 116
65.264
&1.232
&0.740
54739
2.161.788

2016
wrijdag 4 maart 2016
vrijdag 12 augustus 2016
wrijdag 20 mei 2016
mazandag 11 januari 2016
vrijdag 7 oktober 2016
2017
wrijdag 1 december 2017
wrijdag 20 januari 2017
wrijdag 14 april 2077
wrijdag 15 december 2017
wrijdag 7 juli 2017
2018
wrijdag 23 februar 2018
wrijdag 5 januari 2018
wrijdag 21 september 2018
wvrijdag 6 april 2018
woenhsdag 28 februari 2018
2015
maandag 9 november 2015
wvrijdag 20 nowember 2015
woensdag 16 december 2015
donderdag 12 novembear 2015
maandag 20 november 2015
Total

516.2490

weet potatoes

False oranges

134.596

True ocranges

False oranges True oranges

True rice pu...

_1.538.404 False sweet

potatoes

False rice
pudding

i Me

False sweet:
potatoes

False oranges

True oranges

True oranges

True thicken s B.64%6

False sliced tomato_
2.0

False grapes
9. 25%

rue sweet potl

?.59%

True grapes 7.66%

True rice
pudding

True nce
pudding

True grapes:

False sliced tomato..
F.O0Z%

False grapes
G 25%

True sweel pot
5.59%

True gra

True rice
pudding

True grapes

True rice

True grapes
pudding :

True grapes

False rice pudding
11.24%

2% False sweel pot_
.10.85%

False oranges
F0.75% - - -

True oranges
10.59%

True rice pudding
1 0.3 % =

True sweet
potatoes

False slicad
tomatoes

False grapes True chicken

sandwich

True sweet
potatoes

True chickearn:
sandwich

False sticed

False grapes
- tomatoes

False rice pudding
11.34

False sweet pot.
_10.85% .

False oranges
10.7 5% s

" True oranges
10.59%

True rice piidcing

10.3 % >

pes $.66%

False sliced
tomatoes

True sweet False grapes

potatoss

True chicken
sandwich

True sweet
potatoes

False sticed
Tomatoes

True chickern

False grapes
: sandwich

NA
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Data insights
*Is your data relevant?
*Do you have connected data?
*|s your data accurate?

*Do you have enough data to work with”?



Step 3

Import Data
* Storages: SQL, Azure HD, Azure Blob & Tables
* IDE: Jupiter Notebook, VS Code
» Services: Azure ML Studio T

—— Clean, Prepare

Transform data Temswees T & Manipulate Data
» Add missing values, clear, normalize, group =
* Choose and generate features
* Change data types el




Azu’re Machine Learning Studio

Simple, scalable, cuttiné ed‘ge .

Welcome to Machine Learning Studio, the Azure Machine Learning solution you‘ve grown to love. Machine
Learning Studio is a powerfully simple browser-based, visual drag-and-drop authoring environment where no
coding is necessary. Go from idea to deployment in a matter of clicks.

Get started now >

azure.microsoft.com/en-us/services/machine-

learning-studio/
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[D-AML-01] Restaurant-menu-items-sales-prediction [Prepare-datal T

DA

mibusc.com

u"’ AML-restaurant-sales by -m |=| AML (eIl YRnu-Rém “"‘ AML. city Sestivals cov wu AML - restarant int- e nts.dsy “"‘ AML-manu-items. man -$30¢
=
San Join Data v
—
S Jon Data v
= "
e Join Data v
=]
- Join Data v

Selct Coluved in Datagat v

B
Mini Map v -

e e T —— \,

?&n Remose Duplicats Rows v

—— By Edit Metadata v
— & Bwase Python Script v
—_ ?ﬁ Select Cobavea in Dataset v
r " C) S - /’
Y "
- ( —_— >' &, o| + 1:1 1I'_ {(9o)
L - et ’ Execute Python Script v

t



%

Finished running v/

// Draft saved at 00:28:43

b Ramowve Duplcate Rowms v
| ’ y

S Edr Metaclata v
&) Execute Python Saript v

-— — g o —— ———

Lo !“ Edit Metadata v

;"&n Sakct Columes in Dataget v

i ) @#}=® 1:1 H (o)




[D-AML-01] Restaurant-menu-items-sales-pred... » Select Columns in Dataset » Results dataset

rows columns

38325 12

menu_item_id  in_children_menu

day

month

day_of week fest_ name Children_Event Music_Event

max_stock_quantity  stock_count orders

- e
33

14
3

12
24
18
11
5

29

I
23

23
23
23
23
23
23
23
23
3
23
23

9
9
9
9
9
9
9
9
9
9
9
9

7
7
7
7
7
7
7
7
7
7
7
7

Ill“h"l Illllllh. 'Illlu-.

158 47 47
113

172

116

67

Staustics and Visualizations




NAVTechDays Workshop

Mini Map

a.) Import Data v

=B Select Columns in Dataset VS
Exclude unnecessary colun

!

=n Remove Duplicate Rows v
@) Execute Python Script v A
Feature enqineenng
[:::]
Sm ,Sde“ Columns in Dataset -~

xclude date

X_quantty

t

Em Clea-n Missing Data ~
Replace Dfank va 1

em Edit Metadata N
Select teatures in the dataset

E@ Select Columns in Dataset PN

Display columns in the right

In draft

Draft saved at 2:26:10 PM

Jo

NA
, B

Properties Project

DA

4 Experiment Properties mibusc.com

START TIME 11/12/2018...
END TIME 11/12/2018...
STATUS CODE InDraft
STATUS DETAILS  None

Prior Run

4 Summary

Enter a few sentences describing your

experiment (up to 140 characters)

4 Description

Enter the detailed description for your

expernment

Quick Help e

Identifies the features in a dataset with the
greatest predictive power
(more help...)



NA

Step 4 i
Train Model"™"

Divide data
* Training sample, Evaluation sample

3

Training
* Choose an ML algorithm according to a question

Model types . o
* Regression (When, How much?)
» (Classification (Will be or not, Where?) S
* Clustering (How this is organized?) B s
* Anomaly detection (Find anomaly?)



This cheat sheet helps you choose the best Azure Machine Learning Studio

M i C rO SOft AZU re M a C h i n e Le a rn i n g : A | g O rith m C h e at S h eet algorithm for your predictive analytics solution. Your decision is driven by

both the nature of your data and the question you're trying to answer.

ANOMALY DETECTION CLUSTERING MULTI-CLASS CLASSIFICATION

>100 features,

One-class SVM " aggressive boundary

K-means —— Fast training, linear model —— Multiclass logistic regression

PCA-based anomaly detection +— Fast training —— Accuracy, long training times —— Multiclass neural network

Discovering
structure

Finding unusual .
data points
Three or
REGRESSION more

Accuracy, fast training Multiclass decision forest

— Accuracy, small memory footprint—e Multiclass decision jungle

Predicting
categories

Depends on the two-class One-v-all multiclass
classifier, see notes below

Poisson regression «——— Predicting event counts
Predicting values

_‘

Fast forest quantile regression «——— Predicting a distribution TWO-CLASS CLASSIFICATION

’ Accuracy,

[ fast training

Linear regression «——— Fast training, linear model —— —— Two-class decision forest

. >100 features, _ Accuracy,
linear model | fast training,

large memory
footprint

Two-class SVM

Bayesian linear regression «——— Linear model, small data sets—— — Two-class boosted decision tree

Fast training,
Two-class averaged perceptron «— Koaar maaal Accuracy,

Neural network regression «——— Accuracy, long training time — — small memory — Two-class decision jungle
footprint

Two-class logistic regression Fast training,
linear model

Decision forest regression «— Accuracy, fast training — >100 features — Two-class locally deep SVM

Two-class Bayes point machine «— I;?st tranmr(;g,l
Accuracy, fast training, R W enireny o

large memory footprint training times

Boosted decision tree regression — Two-class neural network




Regression model

Goal: Function f applied to training data should produce values as close as
possible in aggregate to actual outputs

mibusc.co



Regression model it

mibusc.com

Goal: Function f applied to training data should produce values as close as
possible in aggregate to actual outputs

Training Data Learning function Prediction

Wiy X1y Y15 24 > Oy f(W1: x1;Y1;Z1)=01’
W, X5, Yy, Z, 9 O, f(w, X,V, Z) =0 f(Wy, Xy Y2, 2) =0,
W3, X3, Y3, Z3 2 O3 f(ws, X3, Y3, Z3) = 05’
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[D-AML-02] Restaurant-menu-items-sales-prediction [T... B
¥ JAYS

i'.';m Edit Metadata v

\ R

?m Select Columns in Dataset v

usc.com

|

m .
Sam Split Data v

Y

@ Bayesian Linear Regression v

@ Evaluate Model v



Step 5

mibusc.com

* Use evaluation sample

* Check on visual graphs

o Check Accuracy _ Numper of correct prediction est Data
Total Number of predictions

AppMeat - Binary Classification - 6-18-2014 > Evaluate Model > Evaluation results

[ 5cored dotoset

[ scored dataset to compare

w
&
= 0
5 #
& .
04
03
02
0.1
00
0.0 01 02 03 04 05 0.6 07 08 09 1.0 .‘
FPR / Fall Out
True Positive  False Negative Accuracy Precision Threshold NI R — Cumnh’;;\';
66274 10189 0814 0798 0.5
0.864 s
False Positive  True Megative Recall F1 Score A
16820 52016 0.867 0.831

Scorebin  #Pos #Neg Pop.abovethresh. Accuracy F1  +vePrec. +ve Rec.=TPR) -ve Prec. -ve Rec(=1-FPR) Cumulative AUC
(0.900,1.000] 1 1 0.000 0.474 0.000 0.500 0.000  0.474 1.000 0.000
0.800,0.900] 43160 5139 0.332 0.735 0.692 0.894 0.564  0.657 0.925 0.030
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{I] Celane b aed bajyeaian

l;lruum /[pu..m. () rownmese ) Toun vt v () rrmm sass ) 1o mcan v
7 / P N S

q: Nead W aohs Eayeisn v

[p Sacae Vot e ke v [p e Ml [{] e Nadel v q: Scoee Viodd v [!; Socee Ml -
() vwasns v v () S vl v () Somarn bt v () Sostarm st v () Gomasme wrcam v () vwaws o v
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[D-AML-02] Restaurant-menu-items-sales-pred... » Add Rows » Results dataset

rows columns

6 6

Algorithm

Mean Absolute Error

Root Mean Squared Error

Relative Absolute Error

Relative Squared Error

Coefficient of Determination

w 3 I

Bayesian Linear Regression

Boosted Decision Tree
Regression

Decision Forest Regression
Linear Regression

Poisson Regression

Neural Network Regression

15.058801
10.819085

11.193705
15059214
15.933943
13.373381

i
20.87807

18.16292

19.433286

21.400145
19.519155

0.473592
0.340255

0.352037
0.501115
0.420586

0.25391
0.192163

0.219984
0.253914
0.266767
0.221933

0.74609

0.807837

0.733233
0.778067

NA

NA

~

Statistics and Visualizations
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ML Decision Tree

il
Is it an ML task?

N

- 7~ N\
No, use another Is it correct ML
solution scenario?
h gl
/J . P F r ~
No, try another Is suitable model Correct features Proper evaluation
scenario identified? used? metrics?
| T . o o T
Do you have Performed feature Good evaluation
enough data? engineering? set?m |
N, S _ _k
/"\

Is the model overly
complicated?

)
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Publish

* Prepare Scoring experiment

* Publish as a web service

* Publish on Azure Marketplace (optional)

NF ENI D13 PCA Experiment [train
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Step 7

* Consume ML Web Service

* From anywhere using REST API

* From R, Python using packages

* From Excel, Power Bl using plugins

* From AL using Azure ML Connector codeunit

mibuso.co
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Consume Azure ML from Power BI

Valles

fest_name

Forecast (NN)
ERROR: 3428 .11 +/- 274.95
MAPE: 7 .64

City Lights

2007 20175 2018

Time

The W Festival

Total Qrders  Total Orders Predicted

]
=
-y
Observed =
Predicted = -
f .
=
=

WWirless Festval
Total Orders Total Orders Predicted

ock_count.

Total

Total Orders

menu_item _id, in_children_menu. fest_name. Children_Event. Music_Event and max_ s

ock _guantity

25 30

Total Orders Predicted

W Total Orddrs @ Total Orders Predicted

Values

fest_name

Forecast (NN)
ERROR: 3428 11 +/- 274 95
MAPE: 7 64

3500 = =
sooofl
20186 2,016.5 2017 2017.5 ELEE]
Timme

City Li

ghts

The W Festival

pn]
=
g
Observed B
Predicted =3 P
bl
=

WWirless Festival

Total

date Total Orders Total Orders Predicted

I5/02/,2016 3.282 332272 3.322.72
ZQI%IEO 16 2721 323797 3.237.97
15/09/2016 274D 3.749.80 2. 749 80
20,/02/2017 2.1zZ 2078, 12 2O0TFr8,. 14
I5/05/520717 2486 3.522.95 3.522.95
22,/09/2017 3.672 3.760.94 3. 760.94
2/02/2018 27T 2792 04 2.702.04
SrO05,2078 2202 2.220,02 2.220.02
1/09/2018 3.806 3.849.15 3.849.15
Total B 10.125 10.193 .81 9.510 10.080.95 117_218 I:I,SSB.IIQ 3 1.634.64

Total Orders and Total Orders: Predicted by Day - 2

_rmeno,

T T ¥
35 40 “s

ds2%orders__prediction

Total Orders and Total Orders Predicted by fest_name:

@ Total Orders @ Total Orders Predicted

TOK - . . o — — -
oK - - :

City Lights The W Festival

Wirless Festival

Children_Ewent. Music_Ewvent and max_stock_guantity

fest_name.

25 30

date Total Orders  Total Orders Predicted Total Orders  Total Orders Predicted  Total Orders  Total Orders Predicted  Total Orders Total Orders Predicted
15,02/2016 3.282 3.322.72 3.322.72
2Z9/05/2016 2727 23TV 3.237.97
15/09/2016 3720 = 72080 2.749.80 L
20/02,2017 2122 2.078,14 T OT8, 14
15/05/2017 3.486 3.522.95 3.522.95
22/09,2017 3.672 3.760.94 3.760.94
2/02/2018 2.7 3.792. 04 2.702,04
6/05/2018 3.303 3.220.02 3.220.02
1s09/2018 3.806 3.849.15 3.849.15 o
Total 10,125 10.193.81 9.510 10.080.95 11.218 11.359.89 31.634.64

Total Orders and Total Orders Predicted by Day - -

 Total Ordsrs @ Total Orders Predicted

TJop ™M

35 <40 “s

ds2$orders__prediction

Festival

City Lights
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Consume Azure ML from Power Bl

# Set Settings
wsid = "@54bd4f47085426fbb76455717ea8513"

VISUALIZATIONS

auth = "dgHPQ587s93EYQvUnKD7fAi6BFtppQeFMzdHrUz1d1tc4DG+QzHXpxnMxDsHX1z 2HNtgBMe j@11C55DpNEjMkQ=="
serviceName = "Restaurant-menu-items-sales-prediction - Final [Predictive Exp.]"

# Use the AzureML Library
library("AzureML"™)

# Get a Sample for Testing
datasetsample <- head(dataset)

# Convert Datatypes

datasetsample$in children_menu <- as.numeric(datasetsample$in _children_menu)
datasetsample$Children Event <- as.numeric{datasetsample$Children Event)
datasetsample$Music Event <- as.numeric(datasetsample$Music_ Event)

# Call the AML Webservice

ws <- workspace(wsid,auth)

ds2 <- consume(services(ws, name = servicelame),datasetsample)
ds2<-data.frame(ds2,datasetsample)

# Plot data
hist(ds2%orders_prediction, col=rgb(0.6,0.4,1,1), breaks=18, main="")
hist(ds2$stock_count, col=rgh(9,1,0.5,1), add=T, breaks=10)




onsume Azure ML from Power Bl

) Rstudio

File Edit Code View Plots Session Build Debug Profile Tools Help

2] ‘h = - H—' A Goto filefuncion * Addins =
9| REditorWrapperR 2] Untitled2* =
|| Source on Save Q , z =+Run | %+ | +Source ~| =

1 F Input Toad. Please do not change #
2 ‘dataset’ = read.csv('C:/Users/steven/REditorwrapper_d25h7885-3a24-4455-a6c0-a653a0e5a3d8,/ input_df_d3fd6247-050e-4fa2-8fbe-f89b45ee326¢c. csv’, check.na
3 # original Script. Please update your script content here and once completed copy below section back to the original editing window #
4 wsid = "054bd4f47005426Ffbb76455717ea8513"
5 auth = "dgHPQ50js93EYQYUNKD7 FAT6BFTppQeFMZdHr Uz1d1Tcd DG+QZHXPXNMXDSHXLZ2ZHNTGBMe 07 1C5SDpNE jMkg=="
6 serviceName = "Restaurant-menu-items-sales-prediction - Final [Predictive Exp.]"
7 library(“"aAzureMmL™) _
8 datasetsample <- head(dataset)
9 datasetsampleiin_children_menu <- as.numeric(datasetsamplesin_children_menu)
10 datasetsampleichildren_Event <- as.numeric(datasetsampleichildren_Event)
11 datasetsampleimMusic_gevent <- as.numeric(datasetsampleimusic_event)

13 ws < workspace(wsid,auth)

14 ds2 <- consume(services(ws, name = servicename),datasetsample)

15 ds2<-data.frame(ds2,datasetsample)

16 #plot data : _

17 histids2jorders_prediction, col=rgh(0.6,0.4,1,1), breaks=10, main=""
18 hist(ds2$stock_count, col=rgh(0,1,0.5,1), add-T, breaks=10)

19
< >
11 (Top Level} = R Script =
Console  Terminal Markers -]

C:f/Users/Steven/REditorWrapper_d25b7B85-3a24-4455-a6c0-ab53ale5a3d8/

> # Input load. Please do not change #

> ‘dataset’ = read.csv('C:/Users/Steven/REditorwrapper_d25b7885-3a24-4455-a6c0-a653ale5a3ds/input_df_d3fd6247-050e-4fa2-8fbe-F89b45ee326c. csv', check.nam
es = FALSE, encoding = "UTF-8", blank.1lines.skip = FALSE);

# original script. Please update your script content here and once completed copy below section back to the original editing window #
wsid = "054bd4f47005426Fbb764557172aB513"

auth = "dgHPQ50js93EYQyunKD7TATGBFTppQeFMzdHr uz1d1Tc4 DG+QZHXPXNMXDSHX1Z2HNTGEMe 01 1C55DpNE jMkg=="

serviceName = "Restaurant-menu-items-sales-prediction - Final [Predictive Exp.]"

Tibrary("AzuremL")

datasetsample <- head(dataset)

datasetsample$in_children_menu <- as.numeric(datasetsample$in_children_menu)

datasetsamplefchildren_Event <- as.numeric(datasetsampledchildren_Event)

datasetsamplefmusic_Event <- as.numeric{datasetsample$music_Event)

ws <- workspace(wsid,auth)

ds2 <- consume{services(ws, name = serviceName),datasetsample)
ds2<-data.frame(ds2,datasetsample)

#plot data

hist(ds2$orders_prediction, col=rgb(0.6,0.4,1,1), breaks=10, main="")
hist(ds2$stock_count, col=rgh(0,1,0.5,1), add=T, breaks=10)

VNV VY YYYYVYYYVYYYYY

— X

i;l' Project: (Mone] =

Environment  History  Connections |
=il ™y | #ToConsole | = ToSource  © & Q

# Input Toad. Please do not change #

‘dataset’ = read.csv('C:/Users/steven/REditorwrapper_d25b7885-3a24-4455-a6c0-a..
# original script. Please update your script content here and once completed c..
wsid = "054bd4f47005426fbb76455717ea8513"

auth = "dgHPQ50js93EYQyuUnKD7TAT6BFtppQeFMzdHr uz1dltcd DG+QZHXPXNMXDSHXL Z2ZHNT gBM .
serviceName = "Restaurant-menu-items-sales-prediction - Final [Predictive Exp. .
Tibrary("azuremL™)

datasetsample <- head(dataset)

datasetsample$in_children_menu <- as.numeric{datasetsample$in_children_menu)
datasetsample$children_Event <- as.numeric{datasetsample$children_Event)
datasetsamplefMusic_Event <- as.numeric{datasetsamplefMusic_Event)

ws <- workspace(wsid,auth)

ds2 <- consume(services(ws, name = serviceName),datasetsample)
ds2<-data.frame(ds2,datasetsample)

#plot data

hist{ds23orders_prediction, col=rgh(0.6,0.4,1,1), breaks=10, main="")
hist(ds2$stock_count, col=rgb(0,1,0.5,1), add=T, breaks=10)

Files Plots Packages Help Viewer |
A Zoom | -EEport - | 9 | & 5. Publish ~

1.0

Frequency

00 02 04 08 0B

25 30 35 40 45

ds2$orders_prediction
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Consume Azure ML from Power BI
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Consume Azure ML from Power Bl

p

https://www.r-graph-gallery.com/
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Consume Azure ML from Power Bl

“ Home m Add Column View Help ﬂ

— — = 1] Diata Trpe: Decimal Mumber = L; Replace Values = S Unpivat Cobemns = i '.f-.'{_ Meige Columni X0 =] 1[]: Ad Tigonometry > 7 1 Ak R
- 1 -1 i % 1 | L] = ' ] i . .
— B 0 ReversMggwt ) Detect Data Tpe ) Fill = filF Move = 153 Bxtract = )2 B0 1 Rounding =

Group Use First Row
By as Headers = o Count Riws

Table Aryy Column

3p  Format SEatistics Standard - v i ed Run B Hull Pythan

0 This prevsew may be up to 12 days ald

Queries (4] QUERY SETTINGS

FestoSales 4 PROPERTIES

_Measures i : a Name

=
2
N AML-restsurant-menu-iems
jazi
200 15512 E]
146,802 2451
B, 84428253 ; g ! Hirless
408, 8550803 1/08S iz 00 Hirzless

Hirless

Promoted Headers

Eenamed Columns

Wirleas 1val Kemoved Lolumns

Hirleas ] Renamed Columns]
Wiclens

i Wicless
Wizleas
HWirlens
Hirleas
Hitless

163, 6140552 L Fed 2 s B Hirlans Remowved Other €

81, 71385804 Soass e A B ra Wizless 1 |?'if.|‘|.|ngr—|:|Trpﬁ
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Consume Azure ML from Power Bl

A

Run R script

Enter R scripts into the editor to transform and shape your data.

script

# 'dataset' holds the input data for this script

wsid = "@54bd4f47085426Fbb76455717ea8513" ~
auth = "dgHPQ589s93EYQyUNKDTFAL6BFtppQerMzdHrUz a1t c4DG+0zHE pxrnMxDsHXL 2 ZHNE gBMe3 811 55D pHE S Mk
serviceName = "Restaurant-menu-items-sales-prediction - Final [Predictive Exp.]"

library{"AzureML")

#datasetsample <- head{dataset)

datasetsample <- dataset

datasetsample$in_children menu <- as.numeric{datasetsample%in_ children_menu)
detasetsamplefChildren_Event <- as.numericidatasetsample$Children_Event)
detasetsamplefMusic_Event <- asz.numeric{datasetsamplefMusic_Event)

ws <- workspacef{wsid.auth)

£ >
The script will run with the following R installation C\Program Files\R\R-3.5.1.

To configure your settings and change which R installation you want to run, go to Cphons and settings.

‘,-_z_» :
By

oK Cancel
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AML-Predictions-Festivals I

let
Source = Csv.Document(File.Contents("G:\Menu Items Forecasting\restaurant-sales-by-menu-item (1).csv"),[Delimiter=",", Columns=14, Encoding=1252, QuoteStyle=QuoteStyle.None])}.
#"Promoted Headers" = Table.PromoteHeaders({Source, [PremotefAllScalars=true]),
#"Renamed Columns™ = Table. RenameColumns(#"Promoted Headers",{{"", "menu item id"}}},
#"Removed Columns™ = Table.RemoveColumns(#"Renamed Columns”,{"names_list"}),
#"Renamed Columnsl” = Table.RenameColumns(#"Removed Columns”,{{"children_menu™, "in_children menu”}}),
#"Removed Columnsl" = Table.RemoveColumns(#"Renamed Columnsl",{"month", "year", "day"”, "day_of _weesk", "orders"}),

#"Reordered Columns” = Table.ReorderColumns(#"Removed Columnsl",{"date", "stock_count", "menu_item_id", "in_children_menu", "fest_name”, "Children_Event", "Music_Event™, "max_stock_quantity"})

#"Changed Type"” = Table.TransformColumnTypes(#"Reordered Columns”,{{"date"”, type datetime}}),

#"Filtered Rows" = Table.SelactRows({#"Changed Type", each [fest name] <> null and [fest _nam=] <> ""),

#"Run R script” = R.Execute("# 'dataset’ holds the input data for this script#(1lfiwsid = ""@54bd4f47085426+tbb764557172a8513" "#(1f jauth = ""dgHPQ5B8js93EYQyUnKDY fALI6BFtppQeFMzdHrUz1d1tc4DG
+QzHXpxnMxDsHX 1z 2HNtgBMe j811C55DpNEjMkQ==""#(1f ) servicelame = ""Restaurant-menu-items-sales-prediction - Final [Predictive Exp.]""#(1f)library{""AzureML"")#(1f #datasetsample <- head(dataset)#({1f)
datasetsample <- dataset#(1f)datasetsample$in_children_menu <- as.numeric{datasetsample$in_children_menu)#(1f)datasetsample$Children_Event <- as.numeric{datasetsample$Children Event)#(1f)
datasetsample$Music Event <- as.numeric{datasetsamplefMusic Event)#(1f)#(1f)ws <- workspace({wsid,auth)#({1f)ds2 <- consume(services(ws, name = serviceMame),datasetsample)#(1lf)ds2<-data.frame{ds2,
datasetsample)”,[dataset=#"Filtered Rows"]),

ds2 = #"Run R script"{[Name="ds2"]}[Value],

#"Removed Other Columns" = Table.SelectColumns{ds2,{"orders prediction”, "date", "menu item id", “"fest name"}),

#"Changed Typel" = Table.TransformColumnTypes(#"Removed Other Columns",{{"date", type datetime}})
in

#"Changed Typel"

%/ Mo syntax errors have been detected,

‘Bone Cancel
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# 'dataset' holds the input data for this script
wsid = "054bd4f47005426fbb76455717ea8513"

auth = "dgHPQ507js93EYQyUnKD7fA16BFtppQeFMzdHrUz1d1tc4DG+QzHXpxnMxDsHX1z 2HNtgBMe j@11C55DpNE jMkQ=="
servicelName = "Restaurant-menu-items-sales-prediction - Final [Predictive Exp.]"

# Use AzureML Library
library("AzureML"™)

# Convert Dataset Datatypes

datasetsample <- dataset

datasetsample$in_children_menu <- as.numeric(datasetsample$in_children_menu)
datasetsample$Children Event <- as.numeric{datasetsample$Children_ Event)
datasetsampletMusic_ Event <- as.numeric(datasetsample$Music Event)

# Call AzureML Webserwvice
ws <- workspace(wsid,auth)
ds2 <- consume(services(ws, name = servicellame),datasetsample)

# Return Data & Predictions
ds2<-data.frame(ds2,datasetsample)
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7 RestoSales = TopN

T AML-restaurant-menu-items

menu_item id
menu_tem
in_children_menu

names_list

date

names_list
in_children_menu
date

maonth

year

day

day_of_week
fest_name
Music_Event
Children_Event
orders
max_stock_guantity
stock_count

go list

menu_item_id

menu_item id

fest name

>, orders_prediction

TopN
& TopN value

M _Measures

Last Refresh
B 9% of Total Orders
Bl GrandTotal Orders
B Orders vs stock
B TopN Menuitem
B Total Orders
Bl Total Stock
B RT Total Orders
B RT Total Orders Ly
E Total Orders Ly
B Diff
E TopN Days
B TopN Stock

B Total Orders Predicted




K
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rest_name  City Lights The V Festival Wirless Festival Total
date Total Orders  Total Orders Predicted  Total Orders  Total Orders Predicted  Total Orders  Total Orders Predicted  Total Orders Total Orders Predicted
T5/0272008 3.282 332272 3.282 3.322.72
29/05/2016 2721 3.237 97 2.721 3.231.97
1570972016 3.740 374980 3.740
EﬂfﬂZﬁE‘.ﬂW 3.132 307814 3.132 3.078.14
1550572007 3486 3.52295 3.486 3.522.95
22/09/2017 3.672 376094 3.672 3.760,94
20242018 371 379294 3.71 3.792.94
6/05/2018 3303 332002 3.303 3.320,02
1/09/2018 3.806 384915 3.806
Total 10.125 10.193.81 9.510 II‘.}.IJBU,'!I'S 1 1-21-!1 11.359.89 30.853 31.634.64
Total Drde and Total Grders. Predicted by Da}f
0 Total Orders @ Total Orders F‘redlcled
10K
Top N
5K
o

@ Total Orders @ Total Orders Predicted
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* Total Orders and Total Orders Predicted by fest_name

City Lights The W Fastival WII‘lESS Festival




Consume Azure ML from AL "

mibusc.com

iction Codeunit

>

¢ COdeunIt 2001 "AZU re ML ConneCtO r" Predict() PredictionOfWatches :
* Set connection URI and API Key | Aaureh.Comector : Codeunit "Azure ML Comnector

AzureMLConnector.Initialize

'
hd+d+me T " -
} S elur e G

dataset ¥

AzureMLConnector.SetInputName( "
AzureMLConnector.SetOutputName( '

* Setinput column names

AzureMLConnector.AddInputColumnName(

[ Ad d | n p Ut Va | U eS AzureMLConnector.AddInputColumnName( '

AzureMLConnector.AddInputRow();

¢ Send Req U@St AzureMLConnector.AddInputValue( 'L

AzureMLConnector.AddInputValue( '\

* Receilve Response

AzureMLConnector.SendToAzureML(false);

o Use result IF AzureMLConnector.GetOutput(1,1,PredictionOfWatches
xit(PredictionOfWatches);
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Machine Learning. Where to start? h

mibusc.com

* To build your ML o Al

https://studio.azureml.net https://azure.microsoft.com/en-us/overview/ai-platform/

* Education

https://github.com/Azure-Readiness/hol-azure-machine-learning

https://docs.microsoft.com/en-us/azure/machine-learning/

* Courses

https://developers.google.com/machine-learning/crash-course/

https://academy.microsoft.com/en-us/professional-program/tracks/artificial-intelligence/

* Ready examples

https://gallery.azure.ai




NAV TechDays 2017: Opening Keynote

A year later...

artificial intelligence will|

artificial intelligence will change the future
artificial intelligence will change the world
artificial intelligence will redefine management
artificial intelligence will change everything
artificial intelligence will replace

artificial intelligence will reshape the global order
artificial intelligence will revolutionize our lives
artificial intelligence will affect jobs

artificial intelligence will affect our lives

Google Search I'm Feeling Lucky

WHEN YOU ARE PASSIONATE ABOUT MICROSOFT DYNAMICS NAV | www.navtechdays.com

® »




We all die twice in our life, the first time is when we stop
learning, the second time is just a formality

Marko Perisic



Contacts

Dmitry Katson, MVP

Dmitry.Katson@gmail.com

https://www.linkedin.com/in/dmitry-katson/

@DmitryKatson

Steven Renders, MVP

Steven.Renders@Plataan.be

www.Plataan.tv

@srenders

mibusc.com
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