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Solving real-world challenges
using no-code ML solutions
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The reach of Al/ML is growing
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\
N
Increased spending

“By 2021, global spending on
Al and cognitive technologies
will exceed $50 billion”

IDC

00

o0
(11 %
From piloting to
operationalizing

“By the end of 2024, 75% of
enterprises will shift from
piloting to operationalizing Al"

Gartner

13
13

Al transformation

“57% said that Al would
transform their organization
in the next three years”

Deloitte
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What is it?

Artificial intelligence (Al)

Any technique that enables computers to mimic human intelligence using logic,
if-then statements, and ML (including deep learning)

Machine Learning (ML)
Subset of Al that uses machines to search for patterns
in data to build logic models automatically

g; Deep learning

Subset of ML composed of deeply multi-layered neural
networks that perform tasks like speech and image recognition
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Common Types of Machine Learning

Supervised Learning
» Classification (Is it a Cat or Dog?)
* Customer churn prediction
* Machine failure detection
» Patient re-admission prediction

* Regression (How many? How much?)
* House price prediction
 Demand forecasting

Unsupervised Learning

* Clustering (What is the grouping?)

* Customer segmentation

Reinforcement Learning
» Self-driving Car
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Demystifying Machine Learning

Machine Learning is NOT...

e Put garbage-in and getting knowledge out
« Perform good predictions without data modeling & feature engineering

* Replace business rules — they augment them!

Machine Learning is

« Adapt based on recorded data
* Predict new data based on recorded data
e Extract hidden structure from the data
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How ML Drives Value Creation Today

Step

Owner

Inventory Forecasting

Churn Prediction Sales Conversion

8 = 7
== =t 2% ==
Prioritized . .
— Use Cases — 4 = s
Business Data Preparation & Model Development, Model Deployment &
Requirements Feature Engineering Training, and Tuning Monitoring
Business Leads, Domain Data Engineers and Data Data Scientists and ML ML
Experts, and Business Analysts Scientists Engineers Engineers
1 |
Usually takes from weeks to months
primarily solving for the prioritized use cases
adWs

V’



Challenges Analysts Face in Building ML

5

Analysts lack deep
ML expertise, and learning
curve is steep

Need to build understanding for ML
concepts across data preparation,
model development, and optimization

Need expertise in choosing the right
combination of feature engineering,
type of model, and optimization
technique

Learning to write or decipher code is
usually needed

%@

Business needs explainability
and validation from experts

Analysts prefer to partner with data
scientists in order to learn and build
trust in the process, but data
scientists time is limited and typically
devoted to a few key ML projects

Analysts need to be able to explain
ML model predictions to business
executives

.

Available no-code ML tools

tend to lack transparency and

have upfront fees

Many no-code ML options lack code-
level transparency making it difficult to
inspect and productionalize models

The UX for analysts and data scientists
tends to be the same, requiring analysts
to know the ML concepts and jargon

Frequently, no-code ML tools come with
licensing fees, so experimentation
requires upfront investment
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How Can You Scale ML Value Creation?

@_ Expand Your ML Development Team annual compound the demand growth of any

Grow your technical teams in proportion of growth in past 4 years other emerging job role
your needs, but ML talent is in high demand

Leverage low-code / no-code tools that make code Machine Learning capabilities

@_ Enhance ML Team Productivity Enable data science teams to experiment faster with low-code / no-
data science teams more productive

C Democratize ML Innovation Empower business analysts to make smarter decisions with no-code

Enable more groups of people, including : . ith . tA rk
business analysts to build ML models Machine Learning with a dedicated easy-to-use workspace
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AWS Offerings on Low-Code / No-Code ML

Business
Teams

C

Data
Science
Teams

Amazon SageMaker Canvas

A dedicated no-code workspace for data analysts to generate ML-powered predictions

A visual point-and-click interface that allows analysts to generate accurate ML predictions on their own — without

requiring any machine learning experience or having to write a single line of code.

A dedicated workspace for data engineers, data scientists and ML Ops teams to collaborate and bring ML to market faster

DETERVET ] g
A faster, visual way to aggregate and
prepare data for machine learning

Collaboration

Autopilot ETY
AutoML capability that automatically prepares your data, as well as builds, trains, and deployment
tunes the best machine learning models for your tabular and time-series datasets options
JumpStart
Pre-built solutions and a model zoo of pre-trained and easily tunable state-of-the-art
models for Computer Vision, and Natural Language Processing
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Amazon SageMaker Canvas expands access to
ML by providing business analysts with a
visual point-and-click interface, allowing you
to generate ML predictions on your own




Use Amazon SageMaker Canvas to prepare data for ML
modeling and generate ML predictions

\ %

Rt || S0 O/x{
. N X
Can quickly Leverages powerful AutoML Identifies the best model
. from technology to automatically based on your dataset to
disparate sources generate single or bulk
based on your dataset predictions

Integrates with
SageMaker Studio,
making it easy to
with
data scientists



Self-service access
to a business-
friendly tool for

Machine Learning,
outside of the AWS
console
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Add section

xxxxxxxxxxxxxxxx

sagemaker.aws/canvas/
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o ® < am] sagemaker.aws/canvas/ (@] i a HIR
[ J
w, Snowflake Redshift .
G Add Connection

a)
7

& Upload oS3 Crystal1 * Crystal1 *

f [ J
l O | I I Va l I O u S Connection name C Context ~ P o e
3 /21 at 34 Al itin
Search

"3 database1l

sources like local S —

"3 database3

disk, Amazon S3,

v == schema2

[ ] & table]
Amazon RedShift, —

Sold ABC Region ABC Discount 123 Fabric ABC Age 123
Yes Southwest 23 Cotton 27
Yes Southwest 23 Silk 35
Yes Southwest 23 Silk 32
Yes Southwest 23 Silk 32
Yes 29.99 Southwest 23 Cotton 30

Previewing the first 100 rows Close Import data

...with others coming soon




o ® < am] sagemaker.aws/canvas/ (@] i a HIR

‘ Customer Churn Model V4 eBuilding ~ m H
Last edited today at 11:48am

Select Build Analyze Predict
®
— Select a column to predict Model type
Choose the target column. The model that you build predicts SageMaker Canvas automatically recommends the

values for the column that you select. appropriate model type for your analysis.
Quick build <
Target column

[
@ Region v Q 3+ category prediction
Preview model
Value distribution Change Type

Midwest
Pacific Northwest
Other (10 classes)

and prepare your e e

sold ABC ~ Price 125 v | {9 Region ABC ~ O Statistics

»
X

Data quality
I ——

data via a
visual interface - = - Z| 7=

Yes 29.99 Southwest Silk -
Yes 29.99 Southwest Cott k-
Yes 29.99 Southwest Cott
0 15 30 45 60
Yes 29.99 Southwest Cott
@ Unique values 32
Yes 29.99 Southwest Cott  ode 20

Missing 0.2% (5)

2 2 ! 12 4 cal ;
categories 200.99 categories ca Invalid

Cancel




Transform and
eanCh y0ur data by AL

v 9 Time series forecasting Change type  Configure

«

filtering values and e bl e
extracting insights

= @ totalsales 123 ¢ store 123 ; schoolholiday ~ Abc : saledate week_... 123 @ saledate

Extract week of year from saledate

A
_ Remove rows by missing g
O JAAAA
.70 1.00 189,10 2013

0.00 4845 Remove rows by outliers totalsales 5]

000 15110
0.00 110

=~

e 5263 1 1 30 2015-07-3100:
| O a | I l I | l 6064 2 30 2015-07-31 00
8314 3 30 2015-07-31 00
3995 4 30 2015-07-31 00
| OW e e a | l @ 4822 5 30 2015-07-31 00
565 6 30 2015-07-31 00
0 5344 7 30 2015-07-31 00
® a
8492 8 30 2015-07-31 00
v
< >
’ ro

accuracy.




Automatically build
an accurate

ML model
for your dataset

@& sagemaker.aws/canvas/

Model type

Recommended

O 3+ category prediction

Classify rows into into three or more categories.

Example business questions

« Will a delivery be early, on time, or late?

« Will a customer be a frequent customer, an average customer, or an infrequent

customer?
Other
(® Numeric prediction

For the {target_column}, your model predicts numeric values.

Example business questions

« How many days will it take for a package to be delivered?

Cancel

Change type




[ ] ® < [Em] sagemaker.aws/canvas/ [ ] [al

o g  Customer Churn Model ORCTR - - |
Get the first ML com e =
model in minutes. 88.6" Er—
Review advanced

HIR

Share with SageMaker Studio

The model predicts the correct {target} 88.6% of the time. ®

Dataset Scoring Training

Export v Scoring insights Advanced metrics

Predicted class vs. actual class

metrics and feature
Importance to
understand and
explain predictions.

All predictions Predicted category Actual category

If the model predicts yes, it is correct
75% of the time.

Correct

For the values that are yes in the
dataset, the model predicted 75% of

them to be yes.
Total

2,000

Incorrect

@ Correct

B salesdata_may2020.csv 3 Sample: 500 rows ~ ® Churn Q 2 + catgory prediction Cancel




@@ sagemaker.aws/canvas/

Share with SageMaker Studio

Select versions to share

Easily share your

V8 ®Ready Created Jul 21,2021 6:15pm

V4 ®Ready  Created Jul 21,2021 6:15pm

[ J
| I l O e S W I t I:I V5 ®Ready  Created Jul 21,2021 6:15pm

V2 eReady Created Jul 21, 2021 6:15pm

4/5 selected Show sharable versions only

[ [
a I a S‘ I e | l | I S | S l O Include a note with the link (optional)
Link
GO https://canvas.com...customer-churn-model




0@ < 2] sagemaker.aws/canvas/ ¢ t =g

@ Customer Churn Model V4 eBuilding ~ m :
Last edited today at 11:48am

Select Build Analyze Predict

Predict target values

Batch prediction Single prediction

®
Modify values to calculate target column in real time.
|

Filter columns

[ ] |
S C e n a r I O S O r g e Column Column impact Value 4D Resetall to average Chumiprediction 8 copy

Two year v | N o

o o
OnlineSecurity — Month»to%:?onth
— One year Average probability B New probability
TechSupport

Contract — 61.3% Abc

Two year
° InternetService — Fiber optic v No 715% @
PaymentMethod — Electronic check v (0]
Yes 285% ()
OnlineBackup — No h¢ '
DeviceProtection b Yes v
MonthlyCharges —_— 104.8 hd
PaperlessBilling b Yes v

Close ) Download




SageMaker Canvas Use Cases

VAST ARRAY OF USE CASES ACROSS DIFFERENT BUSINESS FUNCTIONS,

Sales
and Marketing

. Sales conversion
. Sales forecasting

1
2
3.
4
5

Propensity to churn

. Customer lifetime value prediction

. Marketing mix modeling

(o

\ P/

Finance

and Accounting

A

Credit risk scoring

Delayed payments prediction
Fraud detection

Portfolio optimization

Account payables automation

OR VERTICALS

)

Operations
and Logistics

1. Demand forecasting

2. Inventory planning and scheduling
3.
4

. Predictive Maintenance

Delivery time forecasting

and many more...
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SageMaker Canvas Pricing Model

https://aws.amazon.com/sagemaker/canvas/pricing/

Session charges

$1.9 per hour

You pay based on the number of hours for which SageMaker Canvas is used or logged into. A session starts when you launch the SageMaker Canvas application, and ends when you log
out (user logs out from inside the interface).

Training charges

You pay based on the number of cells of training data provided to train each model. Multiply your number of columns by your number of rows in your dataset and this will equal your
number of cells. For example, if your dataset has 100 columns and 10,000 rows, your number of cells would equal (100 * 10,000), or 1 million.

Number of cells Price The Amazon SageMaker Canvas Free Tier

e $30 per million cells provides a 2-month free tier, which

includes interactive session hours up to

750 hours/month, and up to 10 model

B e creation requests/month, each with up to
1M cells/model creation requests.

Next 90M cells $15 per million cells

For example, when running a modeling job with a dataset of 25.5 million cells, the training charges would be based on $30/M x first 10M cells ($300) and $15/M x next 16M cells ($240)
for a total of $540.




Amazon SageMaker brings tools for every step of the
ML lifecycle under one unified visual user interface

Label Prepare Store Detect Build with Train Tune Deploy in Explain Manage Manage
data data features bias notebooks = models parameters  production  predictions and monitor edge devices
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80% of time spent on data prep

What data scientists spend the most time doing

m Cleaning and organizing data = Collecting data sets
= Mining data for patterns Other

= Refining algorithms Building training sets

Source: Forbes survey of 80 data scientists, March 2016

dWsS
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https://www.forbes.com/sites/gilpress/2016/03/23/data-preparation-most-time-consuming-least-enjoyable-data-science-task-survey-says/?sh=6ad18eb96f63

Amazon
SageMaker
Data Wrangler

The fastest and easiest
way to prepare data for
NET I EREET [




Quickly select and query data

e oo e Select data from Amazon
- . Athena, Amazon Redshift,
g e AWS Lake Formation,

Ol = SR S Amazon S3, and features from
@ e SageMaker Feature Store

* e Q= i it

° ' Write queries for data sources
& \w before importing data over

- Tty to SageMaker Data Wrangler
B

Import data in various file
formats, such as CSV files,
parquet files, and database
tables directly into
Amazon SageMaker

dWs$s
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Easily transform data

Transform your data without writing a
single line of code using pre-configured
data transforms

Preconfigured data transforms include
convert column type, rename column,
and delete column

Author custom transforms in PySpark,
SQL, and Pandas

Detect bias and identify dataset
imbalance with SageMaker Clarify

@ Amazon SageMaker Studio File Edit
[ Il untitled X
Import Prepare Analyze

©

O % = » % O

View Run Kernel Tabs

Export

Data flow / S3-072320-campaignMovieSpecials.csv

S$3-072320-campaignMovieSpecials.csv

String
App

Photo Editor Coloring bookCamera &
Coloring book moana

U Launcher Lite

Themes, Hide Apps

Sketch - Draw & Paint

Pixel Draw - Number Art Coloring Book
Paper flowers instructions

Smoke Effect Photo Maker - Smoke
Editor

Infinite Painter

Garden Coloring Book

Kids Paint Free - Drawing Fun

Text on Photo - Fonteee

Name Art Photo Editor - Focus n Filters
Tattoo Name On My Photo Editor
Mandala Coloring Book

3D Color Pixel by Number - Sandbox
Art Coloring

Learn To Draw Kawaii Characters
Photo Designer - Write your name with
shapes

350 Diy Room Decor Ideas

FlipaClip - Cartoon animation

ibis Paint X

String
v | Ccategory -

ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN
ART_AND_DESIGN

Settings

Decimal

Rating

4.1
310
4.7
45
43
4.4
38
4.1
4.4
4.7
4.4
4.4
4.2
46
4.4
3%2)
4.7
4.5
43
4.6
4.2
4.6

Help

Integer

v | Reviews

159
967
87510
215644
967
167
178
36815
13791
121
13880
8788
44829
4326
1518
55
3632
27
194216
224399
450

4.6

4

String

Size
19M
14M
8.7M
25M
2.8M
5.6M
19M
29M
33M
3.1M
28M
2M
20M
21M
37M
2.7M
5.5M
17M
39M
31M
14M
0M

String
Installs

10,000+
500,000+
5,000,000+
50,000,000+
100,000+
50,000+
50,000+
1,000,000+
1,000,000+
10,000+
1,000,000+
1,000,000+
10,000,000+
100,000+
100,000+
5,000+
500,000+
10,000+
5,000,000+
10,000,000+
100,000+
100,000+

< Back to data flow

TRANSFORMS

Learn more about transforms.

Add

Suggested transformers

>
>
>
>

Find-Replace

Rename column
Replace rare

Impute missing categorical
Impute missing numeric
Tokenizer

TF-IDF text embedding
Ordinal encode

Onehot encode

Drop column

Duplicate column
Flatten vector

Split by delimiter

Type conversion

Custom transform

PySpark =

Clear

Feedback

Previous steps (5)

Preview

dWsS
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Understand your data visually

Imported datasets / Step abc

All analyses

View all analyses or create a new one

Titanic

Survived

Titanic

Run Kernel Tabs Settings

TTTTT

Help

Titanic

Intuitively understand your data with a
set of pre-configured visualization
templates

Preconfigured visualization templates
include histograms, scatter plots, box
and whisker plots, line plots, and bar

charts

Interactively create and edit your own
visualizations so you can quickly detect
outliers or extreme values

dWsS
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Deploy data preparation workflows into production

é}}AmazonSageMakerStudio File Edit View Run Kernel Tabs Settings Help
[ ] Il untitled X
0 Import Prep Analyze Export
Export

O Select a nod port your d
* Source - sampled
a

$3-072320-campaignMovieSp L

Source - sampled

Athena-072320-campaignMovieSpecials.csv

Feedback

Export data preparation
workflows to a notebook
or Python code

Integrate your workflow
with SageMaker Pipelines to
automate model deployment
and management

Publish created features to
SageMaker Feature Store for
reuse and syndication across
teams and projects

dWsS
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Amazon SageMaker
Autopilot

Automatic model
creation with full

visibility and control

Quick to start

Provide your data in a tabular form
and specify target prediction

Automatic model creation
Get ML models with feature engineering
and model tuning automatically done

Visibility and control
Get notebooks for your models with source code

Recommendations and optimization
Get a leaderboard and continue to improve your model

dWsS



AutoML with Amazon SageMaker Autopilot

1. Upload the dataset to Amazon S3
2. Configure the AutoML job
* Location of dataset
 Completion criteria
3. Launch the job
4. View the list of candidates and the auto-generated notebooks

5. Deploy the best candidate to a real-time endpoint, or use batch transform

dWsS



Use Amazon SageMaker Autopilot to automatically train
and tune the best machine learning models

aWs File Edit View Run Kernel Git Tabs
ar * C
(]
Bm / automl-preview /
Name - Last Modified
B bank-additional 12 hours ago
o B model 12 hours ago
o [W] sagemaker_auto... 3 hours ago
3
%
0 1 {&}

Settings Help

[W] sagemaker_automl_direct_m: X &} my-sagemaker-autopilot X

C

EXPERIMENT: MY-SAGEMAKER-AUTOPILOT

Trials Job profile

TRIALS

0 row selected

Trial name

my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...

my-sagemaker-tuning-job-...

Status
Completed
Completed
Completed
Completed
Completed
Completed
Completed
Completed

Completed

Start time

9 hours ago
9 hours ago
7 hours ago
7 hours ago
9 hours ago
7 hours ago
8 hours ago
8 hours ago

8 hours ago

Deploy model

Open candidate generation notebook

End time

Open data exploration notebook

Deploy model

Objective
0.9206119775772095
0.9202479720115662
0.9200050234794617
0.9195190072059631
0.9191550016403198
0.9190340042114258
0.9189119935035706
0.9186699986457825

0.9186699986457825

my-sagemaker-autopilot

dWS
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Use Amazon SageMaker Autopilot for data exploration

Dataset exploration
notebook

Dataset statistics —
row-wise and
column-wise

Suggested remedies
for common dataset
problems

Dataset Sample

The following table is a random sample of 10 rows from the training dataset. For ease of presentation, we are only showing 20 of the

21 columns of the dataset.

Suggested Action Items

¢ Verify the input headers correctly align with the columns of the dataset sample. If they are incorrect, update the header

names of your input dataset in Amazon Simple Storage Service (Amazon S3).

State

0 CO

1 NY

2 KY

3 NH

4 Wi

5 NH

6 WV

Account
Length Code

76

104

122

67

153

146

63

90

Area

408

415

408

415

510

510

510

408

Phone

412-
4185

391-
1793

392-
1616

355-
1113

349-
312

345-
2319

328-
9797

393-
7322

Int'l
Plan

no

no

no

no

no

no

no

no

VMail
Plan

yes

yes

yes

yes

no

no

no

no

VMail
Message

26

26

27

40

Day
Mins

214.6

1891

253.7

104.9

159.5

115.6

261.8

140.2

Day
Calls

110

112

84

65

103

77

69

97

Day
Charge

36.48

3215

4313

17.83

2712

19.65

4451

23.83

Eve Eve
Calls Charge
87 17.44
97 15.15
109 19.48
93 18.39
90 23.42
100 18.16
135 20.83
102 18.18

Night
Mins

134.6

199.3

190.5

217.4

176.7

218.4

2021

120.0

Night

140

104

123

128

126

72

94

126

Night

6.06

8.97

8.57

9.78

795

9.83

9.09

5.4

Intl Intl
Calls Charge Mins Calls

8.1

11

9.2

9.6

101

10.7

14.7

71

2
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Use Amazon SageMaker Autopilot for model candidates

Fully runnable model
candidate notebook

Data transformers
Featurization techniques
applied

Override points

O

O O O O

Algorithms considered
Evaluation metric
Hyperparameter ranges
Model search strategy
Instances use

The SageMaker Autopilot Job has analyzed the dataset and has generated 10 machine learning pipeline(s) that use 2 algorithm(s).
Each pipeline contains a set of feature transformers and an algorithm.

_ Available Knobs

1. The resource configuration: instance type & count
2. Select candidate pipeline definitions by cells
3. The linked data transformation script can be reviewed and updated. Please refer to the for detailed

customization instructions.

dpp0-xgboost: This data transformation strategy first transforms 'numeric’ features using Robustimputer (converts missing values
to nan), 'categorical' features using ThresholdOneHotEncoder, 'text' features using MultiColumnTfidfVectorizer. It merges all the
generated features and applies RobustStandardScaler. The transformed data will be used to tune a xgboost model. Here is the
definition:

: |automl_interactive_runner.select_candidate({

2 {
’
S
’
1,
Hh ]
h
: {
’
1,
) 5
True,
’
True

dWS
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15+ pre-built solutions for common ML use cases

Solutions can be used out-of-the-box or can be customized for a specific
business problem

SageMaker
JumpStart

Easily and quickly bring
machine learning
applications to market

Accelerate time to deploy over 150 open
source models

Use one-click deployable ML models and algorithms from popular
model zoos

Get started with just a few clicks

Easily bring ML applications to market using pre-built solutions, ML models,
and algorithms from popular model zoos, and getting started content

dWsS



SageMaker JumpStart
Use cases

= o i U0
B @ﬂi """ " = l : 4
: : i\

Autonomous Predictive
driving maintenance

©r

>

F@

Churn
prediction

f’ ~~~
.
. ~
. =
.
\ =

ro s

Computer Personalized
vision recommendations

P | Hmh

v

[

3

Fraud Extract data
detection from documents

_L,]l

L O
Demand Credit risk
forecasting prediction
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Amazon SageMaker JumpStart pre-built solutions

Personalized Recommendations

e Predictive Maintenance

Predictive maintenance for manufacturing > Entity resolution in identity graphs >

i d for vehicle fl Purch del
ﬂ Predictive maintenance for vehicle fleets > urchase modeling >
'-—J F .
T - ° ° ° ° raud Detectlon
“'J|~- Credit Risk Prediction
= Y ) : . Detect malicious users and transactions >

[ O Explain credit decisions > s i ] ) )

-- Fraud detection in financial transactions using deep graph library >

Autonomous Driving @ Computer Vision

= Visual perception with active learning > o — Product defect detection in images >

s
pee!
g@\ Demand Forecasting F&jﬂ Churn Prediction

Churn prediction with text >

Demand forecasting with deep learning >

L

Extract & Analyze Data from Documents
E:& Document summarization, entity, and relationship extraction >

Handwriting recognition >

Learn more about solutions:

Filling in missing values in tabular records https://aws.amazon.com/sagemaker/getting-started/

Differential privacy for sentiment classification >

dWS
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https://aws.amazon.com/sagemaker/getting-started/
https://aws.amazon.com/solutions/implementations/predictive-maintenance-using-machine-learning/
https://github.com/awslabs/aws-fleet-predictive-maintenance/
https://github.com/awslabs/sagemaker-deep-demand-forecast
https://github.com/awslabs/fraud-detection-using-machine-learning
https://github.com/awslabs/sagemaker-graph-fraud-detection
https://github.com/awslabs/sagemaker-explaining-credit-decisions
https://github.com/awslabs/sagemaker-document-understanding
https://github.com/awslabs/sagemaker-handwritten-text-recognition
https://github.com/awslabs/filling-in-missing-values-in-tabular-records
https://github.com/awslabs/sagemaker-privacy-for-nlp
https://github.com/awslabs/sagemaker-defect-detection
https://github.com/awslabs/sagemaker-av-visual-perception
https://github.com/awslabs/sagemaker-graph-entity-resolution
https://github.com/awslabs/sagemaker-purchase-modelling
https://github.com/awslabs/sagemaker-churn-prediction-text

Benefits with AWS Low-Code / No-Code ML

Business
Teams

+

Data
Science
Teams

Amazon SageMaker Canvas

A dedicated no-code workspace for data analysts to generate ML-powered predictions

A visual point-and-click interface that allows analysts to generate accurate ML predictions on their own — without
requiring any machine learning experience or having to write a single line of code.

A dedicated workspace for data engineers, data scientists and ML Ops teams to collaborate and bring ML to market faster

Data Wrangler

A faster, visual way to aggregate and
prepare data for machine learning

Autopilot

AutoML capability that automatically prepares your data, as well as builds, trains, and
tunes the best machine learning models for your tabular and time-series datasets

JumpStart

Pre-built solutions and a model zoo of pre-trained and easily tunable state-of-the-art
models for Computer Vision, and Natural Language Processing

U EY
deployment
options

Collaboration

Analysts / Business Teams:

» Get access to a very easy to use no-code environment
and get ML-powered predictions without knowing ML,
or how to code completely on their own

* Increase trust, as well productionalize models they built
using the collaboration between Canvas and Studio

Data Science Teams:

» Do exploratory analyses and build feature engineering
pipelines very fast leveraging Data Wrangler's easy to
use visual interface that entails 300+ transformations

» Explore 100s of ML pipelines automatically and use the
code Autopilot produced in a white-box fashion

» Leverage powerful solutions and models as-is or can
fine-tune them for their needs with JumpStart

Low-Code / No-Code ML empowers companies to scale
their ML value creation from months to actually hours
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Break — 5 minutes




Hands-on Lab — Marketing Churn

Binary Classification Qﬁi <>
1




Introduction

Direct marketing, through mail, email, phone, etc., is a common tactic to acquire
customers. Because resources and a customer’s attention are limited, the goal is
to only target the subset of prospects who are likely to engage with a specific
offer. In the following lab, we will train a model which can be used to predict if a
customer will enroll for a term deposit at a bank, after one or more phone calls.

Predicting those potential customers based on readily available information like
demographics, past interactions, and environmental factors is a common
machine learning problem. You can imagine that this task would readily
translate to marketing lead prioritization in your own organization.
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Dataset Overview

 We have a little over 40K customer records, and 20 features for
each customer
* The features are mixed; some numeric, some categorical

Specifics on each of the features:
Demographics:

e age : Customer's age (numeric)

e job : Type of job (categorical: 'admin., 'services', ...)

e marital : Marital status (categorical: 'married’, 'single’, ...)

e education : Level of education (categorical: 'basic.4y', 'high.school’, ...)

Past customer events:

e default : Has credit in default? (categorical: 'no’, 'unknown’, ...)

« housing : Has housing loan? (categorical: 'no’, 'yes', ...)
« loan : Has personal loan? (categorical: 'no’, 'yes', ...)




Past direct marketing contacts:

contact : Contact communication type (categorical: 'cellular’, 'telephone’, ...)

month : Last contact month of year (categorical: 'may’, 'nov’, ...)

day_of_week : Last contact day of the week (categorical: 'mon’, 'fri', ...)

duration : Last contact duration, in seconds (numeric). Important note: If duration = 0 then y ='no".

Campaign information:

e campaign : Number of contacts performed during this campaign and for this client (numeric, includes last contact)
 pdays : Number of days that passed by after the client was last contacted from a previous campaign (numeric)

e previous : Number of contacts performed before this campaign and for this client (numeric)

e poutcome : Outcome of the previous marketing campaign (categorical: 'nonexistent’,'success’, ...)

External environment factors:

emp.var.rate : Employment variation rate - quarterly indicator (numeric)
cons.price. idx : Consumer price index - monthly indicator (numeric)
cons.conf.idx : Consumer confidence index - monthly indicator (numeric)
euribor3m : Euribor 3 month rate - daily indicator (numeric)

nr.employed : Number of employees - quarterly indicator (numeric)

Target variable:

e Yy :Has the client subscribed a term deposit? (binary: 'yes''no’)




& W N

41183
41184
41185
41186
41187

Our goal

Predict if customer will engage on the offer (y == yes) or not (y == no)

56
57
37
40
56

73
46
56
44

74

job
housemaid
services
services
admin.

services

retired
blue-collar
retired
technician

retired

marital
married
married
married
married

married

married
married
married
married

married

41188 rows x 21 columns

education
basic.4y
high.school
high.school
basic.6y
high.school

professional.course
professional.course

university.degree
professional.course

professional.course

default housing

no
unknown
no
no

no

no
no
no
no

no
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no
no
yes
no

no

no

yes

loan
no
no
no

no

yes

no
no
no
no

no

contact month day_of week duration campaign
telephone may mon 261 1
telephone may mon 149 1
telephone may mon 226 1
telephone may mon 151 1
telephone may mon 307 1
cellular nov fri 334 1
cellular nov fri 383 1
cellular nov fri 189 2
cellular nov fri 442 1
cellular nov fri 239 3

pdays previous

999
999
999
999
999

999
999
999
999
999

S © BN © B

e O O ©

poutcome emp.varrate cons.price.idx cons.confidx euribor3m nr.employed

nonexistent
nonexistent
nonexistent
nonexistent

nonexistent

nonexistent
nonexistent
nonexistent
nonexistent

failure

1.1
1.1
1.1
1.1

1.1

93.994
93.994
93.994
93.994
93.994

94.767
94.767
94.767
94.767
94.767

-36.4
-36.4
-36.4
-36.4
-36.4

-50.8
-50.8
-50.8
-50.8
-50.8

4.857
4.857
4.857
4.857
4.857

1.028
1.028
1.028
1.028
1.028

5191.0
5191.0
5191.0
5191.0
5191.0

4963.6
4963.6
4963.6
4963.6
4963.6
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Problem Type: Binary Classification

feature 2

feature 1

A ves

no
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Importance of good training data

ML Model is a function to split the data points

Historical Data Model Building Prediction
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Why is more data better?

Less Data More Data

Even More Data




Why are more attributes better?

Where to Split? o %, * [
. ce °®
° ®
o ©
0O @ Cre® o © o .
S O
@ O O
® g o ©
®
Less Attributes More Attributes Even More Attributes
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Solving the problem with SageMaker Canvas

Build your first model in 4 simple steps.

O,

®
®
®

Select data

Add or import data from different sources.

Build model

Select a column to predict and build your model

Analyze results

View insights from your prediction model such as

and column impact.

Generate predictions

Make predictions and collaborate with machine lea

experts In your organiza tion.

rning

N
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Summary




Amazon SageMaker Canvas: No-code ML

Collaborate and send
models to data scientists
using Amazon SageMaker

Studio for review and

feedback

/I\

Amazon SageMaker Canvas
Build machine learning
models without writing code

—

0 o
jo —

[

Browse, import,
and join data
Import data from disparate
sources and create new
unified datasets for
training prediction models

Pick target

Select values you want
to predict

H O

—

(m]

Prepare and
analyze data
Automatically detect errors,
cleanse, and analyze data to
help determine if your data
is prepared for ML

;]
000

Create ML models with the
click of a button

7

(8]

fl|

Generate and understand
predictions
Generate single or bulk
predictions and understand
predictions

© 2022, Amazon Web Services, Inc. or its Affiliates.
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ML Value Creation From Months to Hours

WITH A TAILOR-MADE WORKSPACE FOR ANALYSTS AND A TAILOR-MADE WORKSPACE FOR DATA SCIENTISTS

Business
Requirements

Business Leads, Domain
Experts, and Business Analysts

No-Code
ML

2

Analyst-focused
Workspace

2

Clollaboratim

Data Preparation &
Feature Engineering

Data Engineers and Data

g

Scientists
Prepare Store Detect
data features bias

// o '
DY, | HEION
> E—

Model Development,
Training, and Tuning

Data Scientists and ML
Engineers

Build with Train Tune Deploy in
notebooks models  parameters  production
faster

Model Deployment &

Monitoring

ML Ops
Engineers

Explain
predictions

Manage
and monitor

Data Scientist-focused
Workspace
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Getting Started and Documentation

SCALE ML VALUE CREATION

Business Executives

BUILD ML WITH NO CODE

Business Analysts &
Domain Experts

ENABLE COLLABORATION

Platform Admins

http://aws.amazon.com/sagemaker/canvas
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Additional Resources

Want to test on your own? Want to know more about
Low-Code[No-Code ML at AWS?

SageMaker Canvas provides a

Free Tier for two months: - Amazon SageMaker JumpStart
- Interactive sessions up to 750 https://aws.amazon.com/sagemaker/jumpstart/
hours/month

- Amazon SageMaker Data Wrangler
https://aws.amazon.com/sagemaker/data-wrangler/

- Up to 10 model creation
requests/month, each with

up to 1M cells/model - Amazon SageMaker AutoPilot

https://aws.amazon.com/sagemaker/autopilot/
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https://aws.amazon.com/sagemaker/jumpstart/
https://aws.amazon.com/sagemaker/data-wrangler/
https://aws.amazon.com/sagemaker/autopilot/

AWS Event Survey

Thank You

Appreciate your feedback!
Please help to fill in the survey ©

https://bit.ly/39QQTux

Aaron Chong
aachong@amazon.com
https://www.linkedin.com/in/aaronchong888/




