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Module 2: EXTRADE Analytics Playground Overview

Module 3: Hands-on Exercises - Playground Best Practices

2 Internal Use Only E’ TRADE



Course Overview

This course provides an introduction and overview of E*TRADE's analytics playground, with an emphasis on E*TRADE’s
data architecture, metadata, data lineage, and using analytics best practices that lead to:

continuously discovering, developing and refining business processes in support of operational
excellence.

surfacing marketplace insights that help provide a sustainable competitive advantage in the
marketplace.

The course also includes hands on exercises around the prescribed analytics best practices.

This course is a prerequisite for gaining access to the analytics playground.
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Course Objectives

7

Introduce E*TRADE'’s future state data architecture and the |
Amazon Web Services (AWS) analytics playground.

\

7

Review the capabilities, features, and functionalities of the
analytics playground.

Learn the core code of conduct allowed when working in
the analytics playground.

Review best practices for working in the analytics
playground.
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Training Prerequisites

The following are prerequisites for this training:

Environment access
mProd: 447222439265

AD group membership

«DataScientist

AWS workgroup membership
*DataScientist
*SageMaker

Application access

*Tableau
*Business Objects

Other

mKnowledge and familiarity with the related analytics applications and
E*TRADE business processes.
*Training on specific tools or fundamental analytics topics will
not be covered in this training. See Appendix A for reference material.

o
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Course Modules

This course is comprised of the following three modules:

Module 1: E*XTRADE Data Module 2: E*XTRADE Analytics Module 3: Hands-on Exercises -
Architecture Overview Playground Overview Playground Best Practices
* E*TRADE enterprise data * Analytics playground components * Exercise 1: Query the data lake with
architecture overview . Athena and save the results.
* Analytics playground roles
» Detailed topics discussion: . Analviics plavaround best practices * Exercise 2: Report against the data
Data lineage ylics playg P lake with Tableau and save the
output.
Metadata

* Exercise 3: Prepare and review a

Tokenized data predictive model with SageMaker.
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MODULE 1

E*TRADE Data Architecture Overview:
» E*TRADE enterprise data architecture review
» Detailed topics discussion:

Data lineage

Metadata

Tokenized data
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Mission Statements

The mission statements of EXTRADE’s enterprise data architecture and the analytics playground are as follows:

E*TRADE Enterprise Data Architecture

 to modernize and advance the analytics capabilities, both for retroactive
reporting and (more strategically) for predictive algorithm development
and refining, forecasting, and segmentation.

E*TRADE Analytics Playground

» to provide a common mechanism for presenting important data assets to
knowledge workers in an ideal format for reporting and discovery.
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E*TRADE Enterprise Current State Data Architecture

Developing and operationalizing an enhanced Revenue data product requires scaling out the current architecture.

We need to build this
"Persistent” layer to
support operational and
og [ _dri
ETRADE DATA amazon SLA-driven workloads
PRODUCER SIDE PERSISTENT WORKLOADS (SCALE OUT)
SYSTEM OF RECORDS :_ ______________________ ]
1
1
8 8 | RAW ZONE : Scheduled Jobs
1 )
1
1 Technology Managed Data 2
EDW - ! | Ej ses This
TECH MANAGED DATA LOADER 1 | Exploratory/Playground
: > 1 layer is the focus of the
8 8 — 1 I, : current MVP efforts
' ORCHESTRATO! ' EXPLORATORY WORKLOADS
ooy -] | et s st S ,
EDWS P 03 —>H<H - 1 ANALYTICS EXPLORATION/PLAYGROUND !
USER MANAGED \ zR ! 1
Tokenize and load| 1 - 0 0O \ + |
8 8 data into AWS 1 | ‘+;¢ Tableau Server on EC2 :
- 1
1 1
1 —_
| User Specific Home Directories & Schemas | |
! : v !
3RD PARTY DATA : 1 1 o Data Scientists specific tools :
[ |
1
[ |
— : > QUAZ%,\’;‘E.I'INE [ ° Data Scientists, Functional Analysts, Data Analysts | 1
[ 1
| 1o ]
: [ |
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E*TRADE Enterprise Future State Data Architecture

We should continue to build towards the target state analytics architecture to scale out onboarding of additional teams and
business analytical use cases.

10
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CONSUMPTION

Bl & Reporting

Al/ML Apps

Digital Apps
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Self-service
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Development
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Data are sourced directly from
SORs

Batch & Streaming data sets
are tokenized & filtered before
loading onto AWS

Batch data sets are loaded on
§3 storage; Streaming data
sets are stored on a message
queue e.g., Kinesis
Tokenized data are loaded in
the right bucket per source
metadata; Non compliant data
sets will be loaded in a
Quarantine Zone

Data sets are loaded as-is on
organized by function

Data sets are standardized,
curated, linked and
organized by subject areas
Data scientists leverage data
domain to create derived
features to support model
development and training
Data analysts leverage data
domain to create derived data
sets to support exploratory
analytics and dashboards
Model artifacts & user derived
data sets are operationalized
as Data Products; Data
Products are exposed to
business applications an
interface such as AP/
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Raw Zone & Data Lake

Data in the analytics playground originates as data sets from source systems that first land inside AWS in the raw zone
(S3 bucket).

Raw Zone Data Lake

The data here appears “as is” from the EXTRADE data Data validated by the spec file and trigger file in
center source systems managed via a detailed step the raw zone is pushed to the data lake to be
function. used for the types of analytics projects discussed
in this course.

The data landing in the raw zone is validated using: Data lake access privileges are driven by:
*  Specfile « AWS account access
« Trigger file , .
* AWS console login roles (users may have multiple roles
« Datafile 9 (u y have muttip )

Requesting AWS roles:

e |f fil n’t vali h
spectie doesn't validate, data gets pus edto https://bmcsmrt.corp.etradegrp.com/ux/myitapp/#/catalog/home

quarantine zone S3 bucket

Additional Data Lake info:
https://confluence.corp.etradegrp.com/display/IE/Analytics+Data+Lake
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https://bmcsmrt.corp.etradegrp.com/ux/myitapp/#/catalog/home
https://confluence.corp.etradegrp.com/display/IE/Analytics+Data+Lake
https://confluence.corp.etradegrp.com/display/IE/Analytics+Data+Lake

Analytics Playground

The AWS-based playground is a dynamic, self-purging environment (45-day lifecycle policy) that only allows for assets
and projects that are progressing in a “meaningful” way (as defined in this training) to persist. Below are key structural
components that define the playground.

Playground user access

User access is SSO to AWS
console and privileges are
defined by AD and AWS
role(s) membership (as
defined in a following slide).

Additional info:
https://confluence.corp.etradegrp.com/displ

Playground environment

The playground is on
E*TRADE Production
environment (447222439265).

Additional info:
https://confluence.corp.etradegrp.com/displ

ay/IE/SSO+Roles
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Playground data source

The playground data sources
are S3 buckets (e.g. the data
lake is an S3 bucket.)

Users in the playground will
also have an S3 bucket
associated to their AWS
account to store assets of
active projects.

Available playground tools

E*TRADE provides a curated
stack of AWS tools (Athena,
SageMaker, Glue, etc.) and
non-AWS tools (e.g.
BusinessObjects, Tableau).

Additional info:
https://confluence.corp.etradegrp.com/displ
ay/BUSAN/Code+Corner+-+Tableau
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https://confluence.corp.etradegrp.com/display/IE/Analytics+Data+Lake
https://confluence.corp.etradegrp.com/display/IE/SSO+Roles
https://confluence.corp.etradegrp.com/display/IE/SSO+Roles
https://confluence.corp.etradegrp.com/display/IE/Analytics+Data+Lake
https://confluence.corp.etradegrp.com/display/IE/Analytics+Data+Lake
https://confluence.corp.etradegrp.com/display/IE/Analytics+Data+Lake
https://confluence.corp.etradegrp.com/display/IE/Analytics+Data+Lake
https://confluence.corp.etradegrp.com/display/BUSAN/Code+Corner+-+Tableau
https://confluence.corp.etradegrp.com/display/BUSAN/Code+Corner+-+Tableau

Data Lineage

E*TRADE’s data lineage can be reviewed using Collibra by going to data.etrade.com.

{2 Dashboard ] % 0 tasks

Default Dashboard ~

i St Sear 0 task:
Welcome to Collibra! Search tewardship Create Q h ¥ asks
Find assets, domains, communides, users.

The Collibra Data Governance Center, commonly referred to Maturity SR ELREEE pletcs
as Collibra, is the single source of truth for all EXTRADE's data Q T Mapping
management activities.

The Collibra Data Governance Center is a platform that will Test1

allow E*TRADE assoclates to view Data, Data Characteristics @ data

and Relationships across the enterprise. Users can view Name Description Domain Type Owner Stakeholder Business Steward
A Bar Chart

business and data definitions as well as raise issues in the Office_Sp:

platform Chert representing asset or task metrics. .

T Training 7 E*TRADE

Office Spa F-» Brokerage
T Training
Browser =% Collibra Training
5% Da
Q Filter on community or domain. PERSoEmane
Enterpr
v & E*TRADE -% Finance
llibra [
Tt
> & Collibra Training o —
> @ Data Governance
> @ Finance Fixed Income -+ Operations
‘ : criti
Ele r-% Risk
E*TRADE ‘
Resources -% Technology
Asset St [~- Data Domains Data Domains

Right Click the links below and Open in a New Tab
e -~ E*TRADE Issues Issues

T

E*TRADE Lines of Busin. Lines of Business

-~ E*TRADE's Data Quality Data Quality Rules

Browse by community or domain. 22 EXTRADES ldg i

1(top-level )
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Metadata

E*TRADE’s data catalog can be searched using AWS Glue.

Services + Resource Groups ~ N. Virginia ¥ Support v

AWS

4
Glue Q Filter by attributes or search by keyword > 2 % e
Data catalog I Name - Database - Location - Classificatii Lastupdated -  Deprecated F. I t b t bl d t b S 3
Databases O aaa_acct_tran_fig asset_flow s3://etr-adl-users-ome... Unknown 14 November 2019 6: I er y a e’ a a ase!
| Tables aaa_final_acct asset_flow s3i/fetr-adl-users-ome... Unknown 14 November 2019 7:... bucket etc .
Connections ’
O account_summary_daily dw_enterprise S3letr-adiraw-omeg... parquet 26 December 2019 9:...
Crawlers
S— account_summary_monthly dw_enterprise s3//etr-adl-raw-omeg... parquet 5 December 2019 3:0
Settings accounts_with_outflows rbennett s3/etr-adi-users-ome... Unknown 17 December 2019 6:...
ETL W jecctjem bal assel_flow s3:/fetrzadiisars-ome Services v  Resource Groups ~ % Etrade-Datascientist/s N. Virginia v Support +
acct_12m_bal_f6 asset_flow s3//etr-ad-users-ome... Unkno -
Workflows Tables Atable is the metadata definition that represents your data, inclglling its schema. Atable can be used as a source or target in a job definition.
s © acot_12m_bal_f7 asset_flow s3:/etr-adlusers-ome... Unkno  AWS
Glue 4 ¢ search B z
ML Transforms acct_12m_bal_f8 asset_flow s3:/etr-adl-users-ome... Unkno Q SR Showing:1'-83 c =e
Triggers acct_id_sample asset_flow s3u/etr-adl-users-ome... Unkno : e
t_id_samp L : - Data catalog O Name - Database - Location - Classificatii Lastupdated -  Deprecated
Dev endpoints
Notebook W, ‘accl status asset_flow s3iletr-adl-users-ome... Unkno'  patapases O account_summary_daily dw_enterprise s3//etr-adl-raw-omeg... parquet 26 December 2019 9:
otebooks
. acct status final asset flow shared s3iletr-adl-users-ome... Unkno | Tables ) account_summary_monthly dw_enterprise s3u/etr-adl-raw-omeg... parquet 5 December 2019 3:0..
= Connections
= —=——~ O acct_user_xtbl dw_enterprise s3ifetr-adk-raw-omeg... parquet 26 December 2019 8:
Crawlers
Classiiers ) agent_chat_activities_per_login_session Gw_enterprise s3J/etr-adi-raw-omeg... parquet 26 December 2019 9;
Settings ) bank_account dw_enterprise s3/etr-adiraw-omeg... parquet 26 December 2019 9:..
O bank_account_asset_flow_daily dw_enterprise s3//etr-adl-raw-omeg... parquet 26 December 2019 9:
ETL
) bank_acct_transaction dw_enterprise s3J/etr-adiraw-omeg... parquet 26 December 2019 9:..
Workflows
o © bank_acct_type_rtbl dw_enterprise s3i/etr-adi-raw-omeg... parquet 26 December 2019 :
ML Transforms ) bank_external_trancode dw_enterprise s3J/etr-adiraw-omeg... parquet 26 December 2019 9:..
Triggers ) bna_customer dw_enterprise s3/etr-adiraw-omeg... parquet 20 November 2019 6.
Dev endpoints
O brk_account_asset_flow_daily dw_enterprise s3//etr-adl-raw-omeg... parquet 26 December 2019 9:
Notebooks
) _brk_account asset flow weekly dw_enterorise $3://etr-adl-raw-omea... _parauet 26 December 2019 9:.. o
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Tokenized Data

The Tokenization Service anonymizes detailed, atomic level operational data containing sensitive and/or personal
information.

» The service provides both tokenization and de-tokenization of sensitive data.

EXTERNAL 3 PARTY / STREAMING

web s
PRODUCER SIDE PERSISTENT WORKLOADS CONSUMPTION
8 8 8 m DATA PRODUCTS
RAW ZONE DATA DOMAIN
-
- S [® E»
LANDING

; ; —

ETRADE DATA 8 - E saotiesses [ oo s E

ZONE
MARKETING
MA&KE!‘I"I.I!I-ER g, MARKETING MARKETING ,1.1.} Managed Dashboards i Managed Models =
' +
f EXPLORATORY Wi FINANCE

o ”D

o=

DATAANALYST _

DATA LOADER 6 -
8 %— Batch . 5
—> H 2

P e
> S
SALES & SERVICES [ 327 ¢ b
Loader FINANCE FINANCE e Self-service
5 8 26
8 e 3— Queue H : 8 =7 it Model
Ez i Standardizgd, User Derived Data  Dashboards (4 Development

curated and ]

QUARANTINE linked data DATA SCIENTIST :
FINANCIALS e e sets by subject MARKETING

Y

Ve
TAT

Publisher areas -
e [ Add metadata, o - . E
tokenize, filter and i - .o — P FINANCE
foad data info AWS User Derived™ ~ ~Model Artfacts e g

Feature.

OPERATIONS

@%
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Tokenization Service

Tokenization and detokenization of sensitive data

Tokenization Service

Metadata Management

End to end metadata capture and lineage




MODULE 2

E*TRADE Analytics Playground Overview:

* Analytics playground components
+ Analytics playground roles
* Analytics playground best practices
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Analytics Playground Components

The playground is comprised of the following components:

AWS console Data Lake (S3 bucket) Available analytics tools

 Exploratory, playground environment ¢ All data starts as SORs/raw sets in * AWS Athena
. the raw zone and validated prior to « AWS Glue
Role based access being pushed to the data lake
- Users may belong to multiple roles . , * AWS SageMaker
* Not all EXTRADE data available in
* Self-purging environment the data lake * Tableau, BO

- 45-day lifecycle policy
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Analytics Playground Roles

Access to the AWS console and specific AWS tools is controlled by membership to AD group roles. Users can claim
multiple roles in the playground.

Additional info:
https://confluence.corp.etradegrp.com/display/IE/SSO+Roles

Functional analyst Data analyst Data scientist Data engineer

Functional analysts work on Data analysts provide Data scientists build new & Data engineers research,
initiatives dealing with large recurring and ad hoc improve existing models & evangelize, apply, lead,
and complex trading C-level reporting and data products to power monitor backend systems
systems. analytics. business decision making. and data sources.
Functional analyst tools: Data analyst tools: Data scientist tools: Data engineer tools:
» Cloudwatch + Cloudwatch » Cloudwatch » Cloudwatch
+ 83 + S3 + S3 + S3
« Athena » Athena + SageMaker + SageMaker
* Glue * Glue * Athena * Athena
* Redshift * Redshift * Glue * Glue
+ Redshift + Redshift
18 Internal Use Only
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Analytics Playground Best Practices

Users of the playground are expected to follow best practices related to:

Utilization of data assets of the analytics playground.

Querying the data lake zone and saving results to personal locations in analytics playground.

Creating a report against data sources in data lake and/or data saved in personal location(s).

Documenting and registering a solution to be captured in knowledge base and protected from deletion by
regular “laboratory cleanup” jobs.

Uploading external data to playground for inclusion in above processes.
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MODULE 3

Hands-on Exercises - Playground Best Practices:
* Exercise 1: Query the data lake with Athena and save the results.

» Exercise 2: Report against the data lake with Tableau and save the output.
* Exercise 3: Prepare and review a predictive model with SageMaker.
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Exercise Objectives

The exercises in this module are intended to demonstrate accessing the playground, illustrate the features, functionalities,
and capabilities of the playground, as well as review and discuss the best practice for working in the playground. The
exercises are as follows:

Exercise 1: Query the data lake with Athena and save the results.

*Task 1 — Access the AWS console and Athena.
*Task 2 — Query the data lake using Athena.
*Task 3 — Save the results to an S3 bucket and as .csv file.

Exercise 2: Report against the data lake with Tableau and save the output.

*Task 1 — Login to Tableau.
*Task 2 — Create a workbook using the Analytics Playground training data set.
*Task 3 — Save the workbook.

Exercise 3: Prepare and review a predictive model with SageMaker.

*Task 1 — Access the AWS console and SageMaker.
*Task 2 — Create a notebook instance.
*Task 3 — Review a notebook instance.
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Analytics Playground Training Data Set

The Analytics Playground Training Data Set is comprised of the following:

Trade Fact
» 500 generated rows of dummy trade facts.

« Each trade has an execution date, customer, stock, number of shares, price of share, etc.

» Customers and stocks are picked randomly by simple algorithm.
» Trade Type (Buy or Sell) randomly generated for trades.
» Execution dates randomly selected between account open date

» Stock prices randomly selected between high and love values from the Stock dimension.

Customer Dimension:

+ One row per (Disney) character, including date of birth and a randomized da

» Date of birth used to calculate age at the time of trade
» Randomly generated account open date.

and today.

Stock Dimension:

* One row per (entertainment industry) stock.

* Includes an arbitrary high and low price/stock.
Static Copy of Trade Fact

» Copy of the above fact, “values” only. It should therefore be sta
recalculates whenever anything changes.

» This tab is provided to give you something stable to export, if ng

22
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| 1 Mickey Mouse Mickey Mouse 1/1/1930 1/11/1986
Trade ID | i i
Customer Trade Trade
El Customer  Customer Full Stock Trade Share Share Price Trade Value
78rrade | - [ID [~ |Name |~ |Trade Execution Da - Trade |- |Stock [~ |Symbc - Stock Name - |Type - Count |- |Amount |- |Amount

1 8 Doc Dwarf 10/3/2008 57 4VIA Viacom, Inc. Buy 508 $ 233 § 118364

Stock ID 2 7 Bashful Dwarf 4/8/2014 64 4viA Viacom, Inc. Buy 121 $ 206 $ 24,926
3 6 Louie Duck 7/17/2016 49 3DIS Walt Disney Company Sell 1,182 $ 80 $ 94,560
4 9 Dopey Dwarf 10/18/2019 62 4VIA Viacom, Inc. Buy 1333 $ 200 $ 266,600
5 18 Dale Monk 6/3/2018 25 8IMAX  IMAX Corp. Buy 133 § 74 % 9,842
6 20 Blue Fairy 8/27/2016 45 9CBS  CBSCorp. Buy 710 § 232 $ 164,720
7 16 Pluto Dog 1/10/2013 63 8IMAX  IMAX Corp. Sell 1562 $ 131 $ 204,622
8 15 Goofy Dog 1/4/2010 65 7AMC  AMCEntertainment HoldingsInc. el 1260 $ 110 $ 138,600
9 13 Sneezy Dwarf 5/21/2004 24 6DISCA  Discovery Inc. Sell 1,015 $ 237 $ 240555
10 13 Sneezy Dwarf 4/14/2018 38 6DISCA  Discovery Inc. Sell 661 $ 273 § 180453
1 22 Dumbo Elephant 7/12/2018 37 10 CNK  Cinemark Holdings Inc. Sell 279 $ 179 $ 49,941
12 17 Chip Monk 2/15/2018 27 8IMAX  IMAX Corp. Sell 434 $ 115 $ 49,910
13 1 Mickey Mouse 8/18/2016 86 1T AT&RT Sell 949 $ 48§ 45552
14 15 Goofy Dog 1/19/2019 74 7AMC  AMCEntertainment Holdings Inc. el 1655 $ 196 $ 324,380
15 3 Donald Duck 3/17/1956 31 2FOX  Twenty-First Century Fox Sell 1,484 $ 53 § 78652
16 14 Snow White 4/23/2016 26 6DISCA  Discovery Inc. Buy 286 $ 294 $ 84,084
17 4 Huey Duck 6/12/2014 87 2FOX  Twenty-First Century Fox Sell 1567 $ 69 $ ,

18

ICustomer ID

e they opened their E*TRADE account

Customer First Name Customer Last Name  Customer Full Name

Customer Date of Birth Customer Open Account Date

14 Snow White

24

7 AMC

AMC Entertainment Holdings Inc.

Sell

119 119
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Analytics Playground Training Data Set (cont.)

The Analytics Playground Training Data Set is comprised of the following:

AWS location of training data set:
Production S3 raw zone:
s3 - etr-adl-raw-omega-ue1

Directory structure:
s3://etr-adl-raw-omega-ue1/ANALYTICS_TRAINING/SAMPLE_TRAINING_DATA/CustDim.csv

s3://etr-adl-raw-omega-ue1/ANALYTICS_TRAINING/SAMPLE_TRAINING_DATA/StockDim.csv

s3://etr-adl-raw-omega-ue1/ANALYTICS_TRAINING/SAMPLE_TRAINING_DATA/TradeFact.csv
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Hands-on Exercise Diagram

This diagram provides a high-level picture of the exercises and how they relate.

24

E*TRADE Analytics Playground Environment (Prod: 447222439265)

\_

[ Data Lake \

Table A:
Cust.
demo

Table B:
Cust.
trans.

\

Ex. 1 create
Parquet table

/

Training
Parquet
table

)

Y

s3 bucket

Ex. 2 report
/ using Tableau

\

Ex. 3 model using
SageMaker
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Query the data lake with Athena and save the results.

Task 1 — Access the AWS console and Athena.

Task 2 — Query the data lake using Athena.

Task 3 — Save the results to an S3 bucket and as a .csv file.

25 Internal Use Only
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Exercise 1: Query the data lake with Athena and save the results.

Exercise overview:
This exercise reviews best practices for querying the data lake using AWS Athena and saving the results.

Exercise objectives:
In this exercise, we will accomplish the following tasks:

Task 1 — Access the AWS console and Athena.
Task 2 — Query the data lake using Athena.

< o
Task 3 — Save the results to an S3 bucket and @S .CSV  swsarme  comtsnsom [Nowasort |[o newauery2 00 Newaoys o]0 Newasorys o +
= < 1 SELECT * FROM "ds_shared"."tradefact" limit 10;
Database
ds_shared
Filter tables and views
~ Tables (15) Create table Saveas | | Create~ | (Runtime: 1.81 seconds, Data scanned: 2.54 KB) Format query | | Clear
» custdim g
Amazon Athena iS an interactive query SeNice that :m:ﬁa:c?u;\\;l;;;e;;userﬁbookil(LZOW. Use Ctrl + Enter to run query, Ctrl + Space to autocomplete.
makes it easy to analyze data directly in Amazon ¥ i atted lad tmes »
. . . » mf_attrited_lead_times_to_8 Results
Simple Storage Service (Amazon S3) using standard » m_atrtod_wookl_dtase_no_lgs
- - - » mf_attrited_weekly_dataset_vO : 4 2tradeid - U™’ Citomerfull name  trade execution date  customerage attrade ~ stockid  stock symbol  stock
SQL. With a few actions in the AWS Management » mi_atd_weskly_dataset vt : i
Console, you can point Athena at your data stored in Syt B zow o0 ona Dk fozsizo0r @ 2 rox ™
. . i afirted. weekly_datasel. v 3 79 2 Minnie Mouse 11212014 79 1 T AT
Amazon S3 and begin using standard SQL to run ol s o 1 MiceyMouse 922013 - . T a
ad-hoc queries and get results in seconds. ¥t pioLfows_ montly 5@ 8 s g ' Al
» stockdim 6 145 2 Minnie Mouse 1/30/2014 79 1 T AT
 tradefact 7 155 2 Minnie Mouse 811012016 81 1 T AT
» Views (6) RGBT 8 180 2 Minnie Mouse 5/22/2012 7 1 T AT
9 181 1 Mickey Mouse 9/26/2014 1 T AT

26 Internal Use Only E'”“T RADE’



Exercise 1: Query the data lake and save the results (cont.)

Task 1 — Access the AWS Management Console and Athena.
1. Click link provided by your administrator to login to the AWS management console.
2. Log in as Etrade-DataScientist.

aws

p —

Select a role:

¥ Account: etrade-analytics-prod (447222439265)

Etrade-DataAnalyst

Etrade-DataScientist

[0 Etrade-DataScientist/eherman.

AWS Management Console

AWS services Access resources on the go
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Exercise 1: Query the data lake and save the results (cont.)

Task 1 — Access the AWS Management Console and Athena (cont.)
3. Inthe AWS Management Console, search for and select Athena.

AWS Management Console

AWS services Access resources on the go
Find Services (=) Access the Management Console using the
E AWS Console Mobile App. Learn more [4

[ Q A

Athena
Query Data in S3 using SQL

v Recently visited services Explore AWS

= Billing 22 Athena

Amazon Redshift
&) AWS Organizations
Fast, simple, cost-effective data warehouse that can

extend queries to your data lake. Learn more [4
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Exercise 1: Query the data lake and save the results (cont.)

Task 1 — Access the AWS Management Console and Athena (cont.)
4. First time users are prompted to set up a query result location in Amazon S3 by specifying an S3 bucket.

aWS‘ Services + Resource Groups ~ * Q Etrade-DataScientist/eherman. v N. Virginia v Support ¥
= : af E*TRADE S3 Buckets
Athena QueryEditor  Saved Queries  History  Data sources  Workgroup : primary Settings  Tutorial Help  What's ne Set the location to your Specific
' E*TRADE s3 bucket (most likely
zc Before you run your first query, you need to set up a query result location in Amazon S3. Learn more yOUI' playgrou nd username).
Data source Connect data source

Results saved here are subject

datacatal v .

awsdatacatalog o o to the 45-day lifecycle purge
Database . . .

" - Run an ANSI SQL or Hive Data Definition Language (DDL) statement - p0||Cy referenced In thlS course.
an_usr 2

24 -- ANSI SQL Example:

< } -- * FROM default.cloudfront_logs limit 10; l

~ Tables (2) Create table j| = Ve DOEiEXpLNE

» ad_events (Partitioned) == CREATE EXTERNAL TABLE IF NOT EXISTS cloudfront_logs (

3 -- Date Date, Settings
~ contact_history_cust (Partitioned) Tima"STEING, 9
Location STRING, . "
customer_id (string) Bytes INT, Settings apply by default to all new queries. Learn more

customer_id_desc (string)
abt_nm_addr_id (string)
target_promo_dt (string)
campaigncode (string)
unica_mktg_channel_cd (string)
control_group_flg (string)

Workgroup: primary

Query result location s3://etr-adl-raw-omega-ue1/playgroundtraining/ (i}

Example: s3://query-results-bucket/folder/

versioncode (string) Save as Create Encrypt query results o
email_addr (string)

lob (string) Use Ctrl + Enter to run query, Ctri + Space to autocomplete Autocomplete (i}
user_id (string)

camp_type (string)

g Cancel ﬁ
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Exercise 1: Query the data lake and save the results (cont.)

Task 1 — Access the AWS Management Console and Athena (cont.)
5. Under Workgroup : primary, ensure the DataScientist group is selected.

aXV/S Services ~ Resource Groups ~ * Q Etrade-DataScientist/eherman.. ¥  N. Virginia ¥  Support v
Athena Query Editor Saved Queries History Data sources Workgroup : primary Settings Tutorial Help What's new
Workgroups

Use workgroups to separate users, teams, applications, or workloads, and to set limits on arfgount of data each query or the entire workgroup can process. You can also view query-related
metrics in AWS CloudWatch
Learn more

Create workgroup View details Switch workgroup

Workgroup status

Name Description Creation time PN
DataEngineer v 2019/10/21 10:19:57 UTC-4 Enabled
e s e
o] DataScientist 2019/10/21 10:19:56 UTC-4 Enabled
nablef
primary 2019/10/08 14:15:32 UTC-4 Enabled
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Exercise 1: Query the data lake and save the results (cont.)

Task 2 — Query the data lake using Athena.

1. Under Database, choose ds_Shared, expand custdim and review the data items, then click the ellipsis and
choose Preview table and review the Results. (Repeat the process to view the stockdim and tradefact tables.)

Athena Query Editor Saved Queries History Data sources Workgroup : DataScientist Settings Tutorial Help What's new

< e i)
Data source Connect data source Newquery1 @ Newquery2 © @ Newquery3 © © Newquery4 © © Newquery5 © +
(¢ 1 SELECT * FROM "ds_shared"."custdim" limit 10;
\ awsdatacatalog v
Database
| ds_shared v
Filter tables

R Preview table "
- Tab::.s (15) Creata “abl Show properties e as Create v | (Run time: 2.55 seconds, Data scanned: 1.09 KB) Format query Clear |
v custdim
e Delete table uery, Ctrl + Space to autocomplete
2customer id (bigint) Generate Create Table DDL y

customer first name (string)
customer last name (string)

customer full name (string) Résults B
customer date of birth (string)
customer open account date (string)
» mf_account_to_tier_user_book_id_.. ¢ ?customer id ::‘::::mer first :::::mer fast customer full name customer date of birth customer open ac
» mf_attrited_2019_11 =
» mf_attrited_lead_times £ 2% 2 Minnie Mouse Minnie Mouse 2/1/135 9/30/70
» mi_attrited_lead_times_to_8 ! 3 3 Donald Duck Donald Duck 31125 9/18/65
¥mi_atmiod. Weekly dataselno. lags 4 4 Huey Duck Huey Duck 41127 4/4/54
» mf_attrited_weekly_dataset_v0 — = == = == s =
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Exercise 1: Query the data lake and save the results (cont.)

Task 3 — Save the results to an S3 bucket.

1. From the AWS console, navigate to your S3 bucket defined in fask 1. By default, all run queries are saved here.

aWS, Services v Resource Groups ~ * /A Etrade-DataScientist/eherman... ¥  Global ¥  Support v
I Amazon S3 > etr-adl-raw-omega-ue1 > playgroundtraining > Unsaved > 2020 > 01 > 20 I
>
etr-adl-raw-omega-ue1
Overview
’ Q Type a prefix and press Enter to search. Press ESC to cled.
3. Upload [l + Create folder Actions :| US East (N. Virginia) &

v

Viewing 1 to 2

[] Namew

Last modified v Size v

Jan 20, 2020 12:17:28 PM GMT-

Storage class v
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[ [ 580b808-3daB-4f09-a0a0-2a7be2b22a29.csv Pty 522.7 KB Standard
[J [ 580f808-3da8-4199-a0a0-2a7be2b22a29.csv.metadata (J):B 020’ 2020421 C28EMCME 400 iy Standard
Viewing 1 to 2

Note: Query results are
purged from the playground
after 45 days.
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Exercise 1: Query the data lake and save the results (cont.)

Task 3 — Save the results to an S3 bucket (cont.)

2.

33

Back in Athena, under Results, click the Save icon in the upper right corner to save the results locally

as a .csv file.

Results

customer first
name

?customer id

Minnie
Donald
Huey
Dewey
Louie
Bashful

Doc

© O N o O &~ 0N
© O N O O &~ W N

Dopey
10 10 Grumpy

Internal Use Only

customer last

name

Mouse
Duck
Duck
Duck
Duck
Dwarf
Dwarf
Dwarf
Dwarf

customer full name

Minnie Mouse
Donald Duck
Huey Duck
Dewey Duck
Louie Duck
Bashful Dwarf
Doc Dwarf
Dopey Dwarf
Grumpy Dwarf

customer date of birth

& -

customer gpen ac

2/1/35 9/30/70
RIEY|  Autosave @ o) B v 62e9e915- f3f-4190-86a2-3b6e7ad50a5d - Ex. £ Search
File  Home Insert  Pagelayout  Formfas  Data  Review  View  Help
411, a—
0 ? Calibri it AN 2 General v ﬁ
5/ pasre B~ Condi
. . . ) «0 00 ‘onditional
) B IU Q- A $-%9 WA Formatting
6/1/! cipboard ® Font [ Alignment [ Number ~
i
Ji | ?customer

L
A

B c D

F G H 1

8/1/: 1 ?cusmme\_cuslomer customer customer customer dat(customer open account date
2

3
ol

101 3

© ©

2 Minnie  Mouse  Minnie M 935
3Donald Duck  DonaldDi  3/1/2025
4Huey  Duck  HueyDucl  4/1/2027
SDewey Duck  DeweyDu  5/1/1940
6louie  Duck  LouieDucl  6/1/1967
7 Bashful Dwarf  BashfulDv  7/1/1950
8 Doc Dwarf  DocDwari  8/1/1951
9Dopey Dwarf  DopeyDw  9/1/1957

10 Grumpy Dwarf  GrumpyD  10/1/1960

1Mickey Mouse Mickey Mc 1&1930

8/4/1990
9/30/1970
9/18/1965

4/4/1954
1/20/1976
6/22/2009
10/2/1989

7/1/2003

11/27/2001
12/9/2004
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T H I S Continue to Exercise 2: Report against the data lake with
Tableau and save the output.
EXERCISE 1.
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Report against the data lake with Tableau and save the output.

Task 1 — Log in to Tableau.
Task 2 — Create a workbook using the Analytics Playground Training data set.

Task 3 — Save the workbook.
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Exercise 2: Report against the data lake with Tableau.

Exercise overview:
This exercise reviews best practices for reporting against the data lake using Tableau and saving the results.

Exercise objectives:
In this exercise, we will accomplish the following tasks: Hitableo

Home » TABLEAU

Task 1 — Log in to Tableau. TABLEAU -
Task 2 — Create a workbook. — .
TaSk 3 — Save the Workbook. File Data Worksheet Dashboard Analysis Map Format Help Herman, Erik +

< G 6 | M & @ | D5 | T T | | P = ShowMe
Data Analytics < | ~ Pages IR C..stomer Age at Trade
5 ETRADE Analytics Pla. = Rows SUM(Trade Value Amo..

A Filters,

Dimensions - Sheet 1
> @ Customer Dimension A Marks
> @ Stock Dimension A Automatic v
> @ Trade Fact am
Ave Measure Names L &
Color Size Label

Detail | | Tooltip = Path

Trade Value Amount

Measures
> @  Stock Dimension
v @ Trade Fact
Customer Age at Trade m

Random Seed
Trade Share Count
Trade Share Price A, om

# o ##

‘Trade Value Amount 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95
+*

Number of Records Customer Age at Trade
#  Measure Values

B Data Source Sheet1 | fH Dashboard1 [} H 0
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Exercise 2: Report against the data lake (cont.)

Task 1 —Log in to Tableau.
1. Log in to Tableau using the link provided by your administrator.

i Using Tableau
+ 4+ -|- a b I eqau » Tableau is a drag and drop
et visualization and dashboarding tool
designed to be user friendly, as well
as also feature rich and powerful. This
course does not teach how to user
sherman Tableau. Additional Tableau training
materials are available in the
Appendix and available for bulk
purchase through Safari Bookshelf.

* |n this example, we create two simple
visualizations to get familiar with the
data we’ll use in the following
predictive model.
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Exercise 2: Report against the data lake (cont.)

Task 1 — Log in to Tableau (cont.)
2. From the welcome screen, click Tableau and then under Workbooks click New Workbook.

.
iitableau 0O Search

Home |} TABLEAU > fTableau Viewer Landing Page » Landing Page 77 52 ~

(2 Refresh :
:t'}i*+ub|euu O Search A % © n
Welcome Erik Herman!
AT Projects 1 Workbooks Views 13 Data Sources 3
My Top 15 Most Recent Views: v 0 items selected Sort by | Views: All (Most-Least) v F‘ ‘?

User Specific View -
e
.
Tableau Viewer Landing Page All Tableau Subscriptions Tableau Licenses Growth Chart DV Monitoring Dashboard Daily Metrics
21,401 views 0 470 views 0 105 views 0 97 views 0 92 views 0

Training and Tutorials:
*To access the training videos below, you will need to
register with tableau.com in the links provided.

T

Tableau License Forecast 2019-20

37 views 0
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Exercise 2: Report against the data lake (cont.)

Task 1 — Log in to Tableau (cont.)
3. Drag and drop the TradeFact.csv file created and exported in the previous example .

c°°""e°‘d‘° Da‘f . . ' Note: Users may connect to the trade fact table by directly
accessing it via the s3 location or by uploading the exported
T e e csv file (as shown in this example).

Connect to Data

qqqqq

Drag and drop a file

Upload from computer

aaaaaaaaaa

@ TableauProduction Projects 3 o atlhioz ADMIN i
G TableauProductionUsers 769 1 atibioz ADMIN  Pinnaboyana, Chaitanya

ﬁa TradeFact '

E¥TRADE
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Exercise 2: Report against the data lake (cont.

Task 1 — Log in to Tableau (cont.)

4. Review the Data Source tab and then click on Sheet 1 to create
a visualization.

Note: Light data transformation can be handled on the
Data Source tab, including changing data types,
table/column names, create calculations, etc.

<« & o]

Connections

©- ETRADE Analytics Playground Training Data Set e E

| customer Dimension @ | Trade Fact @ | stock Dimension

ETRADE Analytics Playground Training ...

Microsoft Excel

Sheets o

[] Use Data Interpreter ~
<« (& C
Data Interpreter may be able to clean your

Microsoft Excel workbook.

Connections
B Customer Dimension
B QAPivot

B8 Static Copy of Trade Fact

- ETRADE Analytics Playground
ETRADE Analytics Playground Training ...

Microsoft Excel

| customerg | Trade Fact
B2 Stock Dimension .
Sort fields | Data source order v Show aliases [] Show hidden fields 502 ~ | rows Sheets o Evgcats
@ Trade Fact Rename
[] Use Data Interpreter
# At Ate Ae & = # Hide
N N S Data Interpreter may be able to clean your
Customer Dimension | Costomer Dimension Customer Dimension Customer Dimension Custorer Dimension Custormer Dimension r e
Customer ID Customer FirstName | Customer Last Name | Customer Full Name | Customer Date of Birth | Customer Open Account D... | T Aliases...
B8 Customer Dimension Create »
8 Doc Dwarf Doc Dwarf 8/1/1951 6/10/1979 = oaonar
7 Bashful Dwarf Bashful Duiarf 7171950 7/15/2002 B2 Static Copy of Trade Fact Convert to Continuous
B8 Stock Dimension Convert to Measure
6 Louie Duck Louie Duck 6/1/1967 8/27/2002 Bl m sof crangepanmpe > .
& Trade Fact
Dopey Dwarf Dopey Dwarf /11957 472772014 GeographicRole >
# T e Ave
© Data Source Customer Dimension | Custormer Dimension Customer Dimension
Customer ID Customer FirstName | Customer Last N
8 Doc Dwarf
7 Bashful Dviarf

6  Louie Duck
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Exercise 2: Report against the data lake (cont.

Task 2 — Create a workbook using the Analytics Playground Training data set.

1. Populate Sheet 1 with items from the Data tab as shown below. Note, these are data items used in the next exercise
when we create a linear regression model analyzing the relationships between customer age and trading behavior.

New Workbook X

Herman, Erik v

File Data W

sheet  Dashboard Map Format  Help

<« 6 6 O & T | s 4 O g | @ = ShowMe
Dat: Analyti AP fii Col . [ 1+ H
ata [ snayics </ | ~ pages e Note: See Appendix A for additional Tableau learning resources.
9 ETRADE Analytics Pla... = Rows
A Filters
New Workbook X
Dimensions - Sheet 1
PR File Data Worksheet Dashboard Analysis Map Format Help Herman, Erik «
> @ StockDimension T 5 e = - -
> @ Trade Fact < 6 6 M ff @ 5 e = 5 O S S- 8- OJ Show Me
e
c Me N: : & . .
o Measurs Names SIS Data Analytics ~ Pages i Columns
< | = e s GG > YEAR irade Exec Trade D =
Detail || Tooltip A Filters
> Dimensions Sheet 2
Dr field h c
Measures TR e Mt Customer.Full Name (Trade Fact) Yearof.. = CustomerID TradelD  StockName Customer Age at .. Trade Share Count Trade Value . =
> @ StockDimension #  Customer ID (Trade Fact) A Marks 2020 7 2 Walt Disney Company 70 1672 30,096
> @ Trade Fact #  StockID FR=— = = o e ol 58168
4 Number of Records Abc Stock Name 22 N 996 975,136
4 Measure Values . = w o - >
Abe - Stock Symbol : & 2019 1 29 1,333 86,645
£ Trade Execution Date Color Size Text 89 760 16,909
# TradeID 89 1367 31,441
abc Trade Type (] 2 165 84 880 61,600
Ate Measure Names Dotall ]} [ecit 416 84 1011 49,539
D 3 46 9 18,98
EiRake Seue Sheet1| B | B | 0. Measures Measure Values > e o 040 L6950
N ¢ scocstoroprico Low Amount ‘ il 2 e
114 9 1,265
Vi@ ‘TradeFact ~ Measure Values 282 2 1172
#  Customer Age at Trade — s
- SUM(Customer Age at Tr... 211 92 842
#  Random Seed 66 irst Centur. %2 161
— SUM(Trade Share Count) - s = =
4 Trade Share Price Amount SUM(Trade Value Amourtt) 5 54 79 979
#  Trade Value Amount = g 7o 27
4 Number of Records s t Disney Com 52 1,907
#  Measure Values i Cor o _
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Exercise 2: Report against the data lake (cont.

Task 2 — Create a workbook using the Analytics Playground Training data set (cont.)

2. At the bottom of the workbook, double click Sheet 1 and rename it Trade Count and Amount by Trade ID, then click
New Worksheet.

New Workbook

File Data Worksh

eet  Dashboard

Map Format Help

< G 6 & m | lF X L P w SO R e
Data Analytics ¢ | A Pages iii Columns
[ ETRADE Analytics Pla... i= Rows B YEAR(Trade Exec. Customer ID (Custom... 1 Trade ID = ] Stock Name

~ Filters
Dimensions i’ Sheet 1
Ab T
% (Custommer Full Narie Trade ID = | vYearof.. = Customerl.. TradeID Stock Name CustomerA.. New Workbook X
# CustomerID B - E
2020 7 299 Walt Disney Co.. 70 File Data Map Format Help Herman, Erik «
#  StockID A Marks 12 160 Discovery Inc. 45 = =
e Stock Name Automat 2019 1 120 8T 89 2 & 6 M & T |4 40 - @ B o
T] Automatic > + - . -
Abe Stock Symbol 357 AT&T 89 Data Analytics ¢~ Pages iii Columns
£ Trade Execution Date . T ﬂ
H & 226 ATET 89  ETRADE Analytics Pla... = Rows
# TradelD Color || Size || Text 2 165 ATET 84 H
 Filters
Avc  Trade Type 416 AT&T 84 S >
priig p = 9 4* E T Dimensions - Sheet 2
b odo wenty-First C.. 9.
leasure Names 3 6 wenty-First Abe Customer Full Name A Marks
penty-FirstC.. 92
Measures Rename Sheet = % Cusfomerin Automatic .
Menty-FirstC.. 92 #  StockID
v B Trade Fact
B Bt g ol ity FirstC.. 92 Abc Stock Name 2| o
W ustomer Age at Trac ty-First C. 92 Abe Stock Symbol Color Size Text
# FI3 Trade Count and Value Amount by Trade ID B riscc. o2 9 Trade Execution Date

#

Random Seed
#  Trade Share Count
#  Trade Share Price A...

#  Trade Value Amount

o # TradeID = =
ity First C.. 92 " T:dzme Detail | Tooltip

Cancel “ ity-FirstC.. 79
Abc  Measure Names

=) Measures

Drop field here
#  Number of Records

Customer Age at Trade
FI3
Random Seed

Measure Values Walt Disney

Co

Trade Share Count
Trade Share Price A.
Trade Value Amount
4 Number of Records

#HEEEH

#  Measure Values

B Data Source Trade Count and Value Amount ... | Sheet2 | [ B U}
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Exercise 2: Report against the data lake (cont.)

Task 2 — Create a workbook using the Analytics Playground Training data set (cont.)

2. Onthe new worksheet, create a chart showing Customer Age by Trade Type and Trade Value
Amount (as shown below).

New Workbook X

File Data Worksheet Dashboard Analysis Map Format  Help Herman, Erik + Note: Looking at this
= & 6 m P o > e v e wm | @ E Showie visualization we can already
Data Aralytics < | ~ Pages il Colurnns see patterns of buy/sell
£ ETRADE Analytics Pla... = Rows behavior based on customer
A Filters H H
- - L Trade Type age. A linear regression
Dimensions v Sheet 2 Buy .
asc Customer Full Name sell model will allow us to look at
# Customer ID 2
At Marks i T those patterns at a more
) Area v i
e StockName granular level, as well as
Abc  Stock Symbol . . .
B TradebxecutionDate ||| Coer || Label || Dew || create predictions for future
# TradeID R i
abc Trade Type = E beha\”or'
Abc Measure Names jicltp §
. S om
v E TradeFact £
#  Customer Age at Trade
# F13 im
Random Seed
#  Trade Share Count
#  Trade Share Price A.. oM : vy ¥
#  Trade Value Amount s s o = = = 5 5
#  Number of Records - - . ) N : - -
. Tisasurelaiies Customer Age at Trade
8 Data Source Trade Count and Value Amount ... | Sheet2 | [} | B} O}
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Exercise 2: Report against the data lake (cont.

Task 3 — Save the report.
1. From the File menu, choose Save or Save as to save the workbook.

X
Map Format Help Herman, Erik »

File Data = Worksheet Dashboard

Save As... PIREN (/2 N e i 0 1 [\ IRLTE = Show Me

Save Workbook

Revert iii Columns

= Rows

Close A Filters Name:

Analytics Playground Training Example Trade Type

Project: Buy

Dimensions Trade Type

Abc  Customer Full Name

p Sell
# Customer ID T RODUCTION (site root)
# StockID Trade Type
™ Area "
Abc  Stock Name —

Detail

Stock Symbol as

RE

v
©

Trade ID
Trade Type

Abc  Measure Names

Measures
v B Trade Fact
Customer Age at Trade
F13 m
Random Seed
Trade Share Count

Trade Share Price A... oM Cancel Save

Trade Value Amount

:7\ Show sheets as tabs
| Embed password for data source

Trade Value Amount
Number of Records

) 7 80 90
Customer Age at Trade
Measure Values <

B Data Source Trade Count and Value Amount ... | Sheet2 | [ | B} O}
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T H I S Continue to Exercise 3: Prepare and review a predictive
model with SageMaker.
EXERCISE 2.
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Prepare and review a predictive model with SageMaker.
Task 1 — Access the AWS console and SageMaker.
Task 2 — Create a notebook instance.

Task 3 — Review a notebook instance.
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Prepare and review a predictive model with SageMaker.

Exercise overview:
This exercise reviews best practices for creating a predictive model against the data lake using SageMaker.

Task 1 — Access the AWS console and SageMaker. It

k-Nearest-Neighbors (kNN) is a simple technique for classification. The idea behind it is that similar data points should have the same class, at least most of the

—_ H time. This method is very intuitive and has proven itself in many domains including recommendation systems, anomaly detection, imageltext classification and
Task 2 — Create a notebook instance.
Ta S k 3 — Revi eW a n ote b O o k i n St a n Ce In what follows we present a detailed example of a multi-class classification objective. The dataset we use contains information collected by the US Geological

Survey and the US Forest Service about wildemess areas in northern Colorado. The features are measurements like soil type, elevation, and distance to water,
and the labels encode the type of trees - the forest cover type - for each location. The machine Ilearning task is to predict the cover type in a given location using
the features. Overall there are seven cover types.

The notebook has two sections. In the first, we use Amazon SageMaker's python SDK in order to train a kNN classifier in its simplest setting. We explain the
components common to all Amazon SageMaker's algorithms including uploading data to Amazon S3, training a model, and setting up an endpoint for online
inference. In the second section we dive deeper into the details of Amazon SageMaker kNN. We explain the different knobs (hyper-parameters) associated with
it, and demonstrate how each setting can lead to a somewhat different accuracy and latency at inference time.

Part 1: Running kNN in 5 minutes

Dataset
We're about to work with the UCI Machine Learning Repository Covertype dataset (covtype) (copyright Jock A. Blackard and Colorado State University). It's a

labeled dataset where each entry describes a geographic area, and the label is a type of forest cover. There are 7 possible labels and we aim to solve the mult-
class classification problem using kNN. We begin by downloading the dataset and moving it to a temporary folder.

In [ ]: %bash

wget "https://archive.ics.uci.edu/ml/machine-learning-databases/covtype/covtype.data.gz"
mkdir -p /tmp/covtype/raw
mv covtype.data.gz /tmp/covtype/raw/covtype.data.gz

Pre-Processing the Data

Now that we have the raw data, let's process it. We'll first load the data into numpy arrays, and randormly split it into train and test with a 90/10 split.

import _numy

47 Internal Use Only E*T RADE’



Exercise 3: Prepare and review a predictive model (cont.)

The following are notebook conditions E*TRADE applies to all SageMaker notebooks:

Notebook Instance Settings
region: you must be in the N. Virginia (us-east-1) region
root-access: must be disabled
instance-type: currently only allows ml.t2.medium

Permissions and encryption
custom-role-arn: arn:aws:iam::<account>:role/service-role/SageMaker-<username>

o  ex:arn:aws:iam::447222439265:role/service-role/SageMaker-bcolema?2
encryption key: you must choose etr-t3-alias

Network
vpc: you must select a vpc
subnet: for sandbox 13 choose either available subnet:

o subnet-etrade-Private-app1

o subnet-etrade-Private-app2
direct internet access: must be disabled
security group: you must choose sagemaker-notebooks-sg

Tags
You must create the following tag:

o  key =username
o  value = your AD username
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Exercise 3: Prepare and review a predictive model (cont.)

Task 1 — Access the AWS Management Console and SageMaker
1.

Click link provided by your administrator to login to the AWS Management Console.
2. Log in as Etrade-DataScientist.

aws

p —

Select a role:
¥ Account: etrade-analytics-prod (447222439265)

Etrade-DataAnalyst

Etrade-DataScientist

Sign In

a\VlS Services Resource Groups ~ *

[\ | Etrade-DataScientist/eherman. inia ¥  Support v

AWS Management Console

AWS services

Access resources on the go
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Exercise 3: Prepare and review a predictive model (cont.)

Task 1 — Access the AWS Management Console and SageMaker (cont.)
3. On the SageMaker page, make sure you are in N. Virginia region.

aWS. Services + Resource Groups ~ * Q Etrade-DataScientist/eherman.. ~ N. Virginia ~ Support
Amazon SageMaker X Amazon SageMaker Dashboard
Dashboard
@ Amazon Elastic Inference X
Search Amazon Elastic Inference adds GPU acceleration to any Amazon SageMaker or EC2 instance for faster inference at much

lower cost, with up to 75% savings. Find out if Elastic Inference is right for you.

Labeling jobs

Labeling datasets

Labeling workforces Overview Hide

v Notebook

Notebook instances @@
ifecycle configurations M
:;lft r:]p:Jsitoriﬁ: t O)>> ..
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Exercise 3: Prepare and review a predictive model (cont.)

Task 2 — Create a Jupyter notebook with SageMaker

1.

v

51

Click on Notebook instance from the menu on the left and the click Create note instance (on the right).

Services +

Amazon SageMaker

Da

Search

Ground Truth
Labeling jobs
Labeling datasets

Labeling workforces

Git repositories

Internal Use Only

Resource Groups ~

Amazon SageMaker Dashboard

Q

Etrade-DataScientist/eherman

N. Virginia ~

Support ~

alV,S Services v

Amazon SageMaker

Dashboard

Search

Oviv Ground Truth

Labeling jobs
Labeling datasets

Laboli sarkfarces

X

Resource Groups ~ *

Amazon SageMaker

Notebook instances

Q Etrade-DataScientist/eherman. -

N. Virginia v Support v

Learn more [4

Amazon Elastic Inference
Amazon Elastic Inference adds GPU acceleration to any Amazon SageMaker or EC2 instance for faster inference at much

lower cost, with up to 75% savings. Find out if Elastic Inference is right for you.

Maobalaaka

Notebook
Notebook instances
Lifecycle configurations

Git repositories

Training

Algorithms

Q, Ssearch notebook instances

Name

boris-default

yhu-notebook

v Instance

ml.t2.medium

ml.t2.medium

Creation time

Dec 17,2019 16:12 UTC

Dec 13, 2019 14:43 UTC

Create notebook instance I

LI S
Status v Actions
© Stopped Start
© Stopped Start
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Exercise 3: Prepare and review a predictive model (cont.)

Task 2 — Create a Jupyter notebook with SageMaker (cont.)

2.

52

Configure your notebook per the E*TRADE AWS Notebook Conditions at the beginning of this exercise (as shown
below).

\

Amazon SageMaker > Notebook instances » Create notebook instance

Create notebook instance

Amazon SageMaker provides pre-built fully managed notebook instances that
include example code for common model training and hosting exercises. Leari

Permissions and encryption

IAM role

Notebook instances require permissions to call other services including SageMaker and S3. Choose a role or let us create a role with the
AmazonSageMakerFullAccess IAM policy attached.

Notebook instance settings

\ Enter a custom IAM role ARN v ‘
Notebook instance name Custom IAM role ARN
I ’ elhetradetraining I ’ arn:aws:iam::447222439265:role/service-role/SageMaker-eherman ‘

Maximum of 63 alphanumeric characters. Can include hyphens (-), but not spaces. Mus Root access - optional

Notebook instance type © Enable - Give users root access to the notebook

I l ml.t2.medium I _) Disable - Don't give users root access to the notebook
Lifecycle configurations always have root access

Elastic Inference Learn more [4
Encryption key - optional
’ none Encrypt your notebook data. Choose an existing KMS key or enter a key's ARN.

etr-t3-alias v ‘

» Additional configuration
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Exercise 3: Prepare and review a predictive model (cont.)

Task 2 — Create a Jupyter notebook with SageMaker (cont.)
3. Configure your notebook per the EXTRADE AWS Notebook Conditions at the beginning of this exercise (as shown
below) and click Create notebook instance.

v Network - optional ‘

VPC - optional

Your notebook insta_nce will be providid with Saquiker provided internet access because a VPC setting is not s, ‘ciﬁ( v Tags = optional
] vpc-057978f00a70fcOc (10.115.0.0/19) v
Subnet ey et
h petin an availability zon Lt Amazon Maker,
[ username ‘ I eherman | I Remove
‘ subnet-07443a6ac1527912e (10.115.12.0/22) | us-east-1a subnet-etrade-Private-app1 ¥ ’
Add tag

Security group(s)

| v

Cancel Create notebook instance

| sg-08c8acd5de512809a (sagemaker-notebooks-sg) | sagemaker-notebooks-sg X|

Direct internet access

———tRable < Accoss.the intornot dicectlythraugh Amazon SageMaker
© Disable — Access the internet through a VPC
et b2in o bost models from 2 notebogk vou need intorndt access. To enable internet access, make sure that your VPC

gateway and your security group allows outbound connections. Learn more Z
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Exercise 3: Prepare and review a predictive model (cont.)

Task 2 — Create a Jupyter notebook with SageMaker (cont.)
4. Once the Status turns to InService, click Open Jupyter.

Amazon SageMaker > Notebook instances

@ Amazon Elastic Inference X
Amazon Elastic Inference adds GPU acceleration to any Amazon SageMaker or EC2 instance for faster inference at much lower cost, with up to 75% savings. Find out if
Elastic Inference is right for you.

Notebook instances Actions v Create notebook instance

Q Search notebook instances CS [ (o]
Name v Instance Creation time v Status v Actions
elhetradetraining ml.t2.medium Nov 29, 2019 14:38 UTC © InService Open Jupyter | Open JupyterLab
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Exercise 3: Prepare and review a predictive model (cont.)

Task 2 — Create a Jupyter notebook with SageMaker (cont.)
5. Once the Jupyter notebook opens, click the SageMaker Examples tab.

Quit Open JupyterLab Quit

: J u pyter Open JupyterLab

Files Running Clusters Conda

Select items to perform actions on them.

Upload | Newv &

Name ¥

Last Modified File size

00 v M/

RQOKk list is empty.

=
8

8

8

Image-classificaliomst-format-highlevel ipynb

Image-classification-Ist-format ipys

=
8

Image-classification-multilabel-Ist.ipynb

8

Image-classification-transfer-learning-highlevel.ipynb

Image-classification-transfer-learning ipynb

8

LDA-Introduction.ipynb

&
8

SageMaker-Seq2Seq-Translation-English-German.ipynb

i

blazingtext_hosting_pretrained_fasttext ipynb
blazingtext_text_classification_dbpedia.ipynb

blazingtext_word2vec_subwords_text8.ipynb

g

blazingtext_word2vec_text8.ipynb

=

[= N =8 Ne= N CHCHC CHCHCHS [=d N
GOGEEH0GEAGHE660AGEAEA - .

deepar_synthetic.ipynb
factorization_machines_mnist.ipynb

ipinsights-tutorial.ipynb
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Exercise 3: Prepare and review a predictive model (cont.)

Task 2 — Create a Jupyter notebook with SageMaker (cont.)
6. From the available examples, find k_nearest_neighbors_covtype.ipynb and click Preview.

: J u pyter Open JupyterLab Quit
blazingtext_wordzvec_subwords_texts.ipynb Preview | 83
blazingtext_word2vec_text8.ipynb
deepar_synthetic.ipynb
factorization_machines_mnist.ipynb P
ipinsights-tutorial.ipynb ,m\
k_nearest_neighbors_covtype.ipynb
linear_learner_mnist.ipynb Preview

linear_learner_mnist_with_file_system_data_source.ipynb Use
managed_spot_training_object_detection.ipynb

ntm_synthetic.ipynb

=
8

=
8

object2vec_movie_recommendation.ipynb

object2vec_multilabel_genre_classification.ipynb

[ =4 [ =4
BAEAB

object2vec_sentence_similarity.ipynb

object_detection_birds.ipynb

object_detection_image_json_format.ipynb
object_detection_incremental_training.ipynb £

object_detection_recordio_format.ipynb

CHCHCS
GEE
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Exercise 3: Prepare and review a predictive model (cont.)

Task 2 — Create a Jupyter notebook with SageMaker (cont.)

2. The examples provided by SageMaker are very valuable. Work through this document, revising it to look at the
analytics playground training data set.

57

[ ]:

Introduction

k-Nearest-Neighbors (kNN) is a simple technique for classification. The idea behind it is that similar data points should have the same class, at least most of the
time. This method is very intuitive and has proven itself in many domains including recommendation systems, anomaly detection, image/text classification and
more.

In what follows we present a detailed example of a multi-class classification objective. The dataset we use contains information collected by the US Geological
Survey and the US Forest Service about wilderness areas in northern Colorado. The features are measurements like soil type, elevation, and distance to water,
and the labels encode the type of trees - the forest cover type - for each location. The machine learning task is to predict the cover type in a given location using
the features. Overall there are seven cover types.

The notebook has two sections. In the first, we use Amazon SageMaker's python SDK in order to train a kNN classifier in its simplest setting. We explain the
components common to all Amazon SageMaker's algorithms including uploading data to Amazon S3, training a model, and setting up an endpoint for online
inference. In the second section we dive deeper into the details of Amazon SageMaker kNN. We explain the different knobs (hyper-parameters) associated with
it, and demonstrate how each setting can lead to a somewhat different accuracy and latency at inference time.

Part 1: Running kNN in 5 minutes

Dataset
We're about to work with the UCI Machine Learning Repository Covertype dataset (covtype) (copyright Jock A. Blackard and Colorado State University). It's a

labeled dataset where each entry describes a geographic area, and the label is a type of forest cover. There are 7 possible labels and we aim to solve the mult-
class classification problem using kNN. We begin by downloading the dataset and moving it to a temporary folder.

%tbash
wget ‘https://archive.ics.uci.edu/ml/machine-learning-databases/covtype/covtype.data.gz*

mkdir -p /tmp/covtype/raw
mv covtype.data.gz /tmp/covtype/raw/covtype.data.gz

Pre-Processing the Data

Now that we have the raw data, let's process it. We'll first load the data into numpy arrays, and randomly split it into train and test with a 90/10 split.

import num
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T H I S This also completes the course Enterprise Data Architecture

and the Analytics Playground Overview and Best

COMPLETES
EXERCISE 3.
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APPENDIX A

Analytics Fundamentals Resources
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Appendix A - Analytics Fundamentals Resources

Note: Training materials for tools referenced in this training may be bulk purchased via Safari Bookshelf.

Amazon Athena

https://aws.amazon.com/athena/
https://docs.aws.amazon.com/athenallatest/ug/getting-started.html
AWS

https://en.wikipedia.org/wiki/Amazon_Web_Services
https://aws.amazon.com/

https://aws.amazon.com/training/

https://confluence.corp.etradegrp.com/display/IE/AWS+Training+and+Certification
AWS SageMaker

https://en.wikipedia.org/wiki/Amazon SageMaker
https://aws.amazon.com/sagemaker

https://www.youtube.com/playlist?list=PLhr1KZpdzukcOr_6j_zmSrvYnlLUtgqsZz&sc_icampaign=YT_deep-dive&sc_iconte
nt=awssm-27478&sc _iplace=console-sagemaker-learning

Collibra
https://www.collibra.com
https://university.collibra.com

60 Internal Use Only E*’Z“T RADE’


https://aws.amazon.com/athena/
https://docs.aws.amazon.com/athena/latest/ug/getting-started.html
https://en.wikipedia.org/wiki/Amazon_Web_Services
https://aws.amazon.com/
https://aws.amazon.com/training/
https://confluence.corp.etradegrp.com/display/IE/AWS+Training+and+Certification
https://en.wikipedia.org/wiki/Amazon_SageMaker
https://aws.amazon.com/sagemaker/
https://www.youtube.com/playlist?list=PLhr1KZpdzukcOr_6j_zmSrvYnLUtgqsZz&sc_icampaign=YT_deep-dive&sc_icontent=awssm-2747&sc_iplace=console-sagemaker-learning
https://www.youtube.com/playlist?list=PLhr1KZpdzukcOr_6j_zmSrvYnLUtgqsZz&sc_icampaign=YT_deep-dive&sc_icontent=awssm-2747&sc_iplace=console-sagemaker-learning
https://www.collibra.com/
https://university.collibra.com/

Appendix A - Analytics Fundamentals Resources (cont.)

Note: Training materials for tools referenced in this training may be bulk purchased via Safari Bookshelf.

Metadata modeling
https://en.wikipedia.org/wiki/Metadata_modeling

SQL

https://en.wikipedia.org/wiki/SQL

Machine learning
https://en.wikipedia.org/wiki/Machine_learning
https://towardsdatascience.com/machine-learning-basics-part-1-a36d38c7916
https://archive.ics.uci.edu/ml/index.php

Predictive modeling
https://en.wikipedia.org/wiki/Predictive_modelling

Python
https://en.wikipedia.org/wiki/Python_(programming_language)

https://www.python.org/about/gettingstarted/
R

https://en.wikipedia.org/wiki/R (programming_language)
https://cran.r-project.org/doc/contrib/Paradis-rdebuts en.pdf
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https://en.wikipedia.org/wiki/Metadata_modeling
https://en.wikipedia.org/wiki/SQL
https://en.wikipedia.org/wiki/Machine_learning
https://towardsdatascience.com/machine-learning-basics-part-1-a36d38c7916
https://archive.ics.uci.edu/ml/index.php
https://en.wikipedia.org/wiki/Predictive_modelling
https://en.wikipedia.org/wiki/Python_(programming_language)
https://www.python.org/about/gettingstarted/
https://en.wikipedia.org/wiki/R_(programming_language)
https://cran.r-project.org/doc/contrib/Paradis-rdebuts_en.pdf

THANK YOU!

This concludes the training.
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