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Closing the Data Value Gap

9 68%

of companies are
unable to realize
tangible &
measurable Value
from Data.

Data

Google Cloud


https://www.linkedin.com/feed/hashtag/?keywords=value&highlightedUpdateUrns=urn%3Ali%3Aactivity%3A6711671691585699840
https://www.linkedin.com/feed/hashtag/?keywords=data&highlightedUpdateUrns=urn%3Ali%3Aactivity%3A6711671691585699840

Accelerating trends are pushing the
boundaries of existing data analytics stack

Object Store &

Data
kS Application

163 ZB by 2025 E = = anaytics
10X since 2014 e g % E)

Warehouse

Relational
Edge

Business

Data Science Intelligence
Data volume, velocity & Data is increasingly Data is serving more users
variety continues to grow distributed across storage & use cases than ever

at rapid pace systems, clouds, regions before



The evolution of business needs has created

d 2022: Exponential &
distributed data, multiple
use cases, complexity

2010s: More data and O
advanced analytics
2000s: Bring data together O Operational
for analy5|5 VALUE GAP Al/ML, Streaming,
Continuous Intelligence
_ O Management overhead,
Business needs VALUE GAP

€ Democratizing data
over time

VALUE GAP Scale, Cost

- Y

AN
._m_, Data Warehouses
On-prem Data Lakes in the Cloud and point
Data Warehouses (HDFS) solutions




Moving to the future
requires d limitless Limitless
data ecosystem

to drive innovation

Limitless
users

Limitless
innovation

Limitless
workloads



Google

Our mission is to organize the
world’s information and make it
universally accessible and useful.



Customers unlock
innovation with
Google’'s Data Cloud

Limitless Limitless

: users

BigQuery

Limitless
workloads



Google BigQuery

Data warehouse with customers ranging[from TB to 100+ PB

Cloud-scale enterprise
data warehouse

Standard SQL(ANSI 2011)
with DML Support

Encrypted, durable,
highly available

e Spotify

flirflsie

Serverless platform

Real-time insights

Built-in ML

Insights for everyone



Continually improving performance
[

) Google Cloud

Graham Polley W o
@polleyg

Holy shit balls! You're weren't kidding
about those #BigQuery performance

improvements @thetinot.. %
13 ORDER BY
14 total_views DESC;

No cached results
% savequery i Saveview (® Sch

Query results % SAVERESULTS ¥

Query complete (16.7 sec elapsed, 4.1 TB processed)

11:40 PM - 7 Apr 2019

15 Retweets 76 Likes 3 ‘ i ’ .‘ . a o

Q7 T 15 9 7 &

3 Tweet your reply

Graham Polley @polleyg - Apr 7 v
For comparison, this query used to take 50s-70s in the past.



Serverless big data analytics

Serverless big data analytics

Serverless data analytics

Analysis and
insights

Monitoring

Performance Resource
tuning provisioning
Utilization Handling
improvements growing scale
Deployment &

configuration Reliability

2

Analysis and

insights




Data Catalog
& Governance

Limitless &

Data Business
Preparatlon / \‘H Intelligence
Workloads

\. ./

talend

Intelligent: Self-optimizing architecture and ML
“built-in” for broader adoption of advanced 190+ saas & Google

. Al Platform
analytics Sources &Data
workday / ééclenc;-

Simplified: Real-time and batch. Structured, . A A
unstructured, and spatial. In GCP, AWS WMarketo ) stripe

and Azure (> S

m =0l

=0l
Azure GCS AWS
Data Lake

I

Reliable: Global scale at a predictable cost.
Industry’s best reliability with 99.99% SLA is 10x
more reliable than other clouds

el e ‘&

o K

Real-Time
Streaming & Ingestion

& kafka 3



BigQuery Omni: Overview

BigQuery Control Plane
l (ui/ API [ CLI) on Google Cloud J.

Google Cloud region AWS region (Omni)
BigQuery Compute clusters (Dremel) Q BigQuery Compute clusters (Dremel)
Distributed Memory Distributed Memory

@ @ @ Shuffle Tier s @ @ @ Shuffle Tier

A

Decoupled

Petabit Network compute & storage AWS APIs
for maximum

e e flexibility ——

BigQuery Storage Customer S3 Storage




Embrace a flexible, multi cloud analytics solution with BigQuery Omni

Q BigQuery Control Plane l L]

) Google Cloud l—
US/EU region Tokyo/London region AWS region (Omni) Azure region (Omni)

Stateless compute Stateless compute Stateless compute Stateless compute
workers workers workers workers
Distributed Memory Distributed Memory Distributed Memory Distributed Memory
Shuffle Tier Shuffle Tier Shuffle Tier Shuffle Tier
= = o

BigQuery Storage BigQuery Storage AWS Storage Azure Storage

go/BigQueryOmni to learn more!



http://go/BigQueryOmni

Cross-cloud data transfer

Google Cloud
= ’ Q BigQuery Control Plane

Preview Coming Soon!

GCP Region

@} (@) @ @ LOAD DATA FROM FILES
Stateless compute [Files on other cloud]
workers

Distributed Memory
Shuffle Tier —

BigQuery Storage Use SQL to engble c;ross-cloud
functionality

AWS / Azure Region

e

Stateless compute
workers

Distributed Memory
Shuffle Tier

= @

AWS / Azure Storage



BigLake

Built on years of investment in BigQuery,
BigLake is a storage engine that unifies data
warehouses and lakes, by providing uniform
fine-grained access control, performance
acceleration across multi-cloud storage and

open formats
Open APl interface

Provides an Open API interface for query
engines spanning across Google Cloud and open
source runtimes to access your distributed data

with consistent security & governance controls

. BigLake

BigQuery

9)eds 1e Juswadeuely - xa)deleq ﬁ?a

T
TensorFlow presto
Object Store :
ad” = i
ws3 = ;
Google.C\oud




BigQuery Security & Governance for Data Lakes
,

CREATE EXTERNAL TABLE bg demo
[WITH CONNECTION ‘service account’
OPTIONS (uris=[“gs://mybucket”])

Authorized external tables extend the data

management features of BigQuery tables to data

[CREATE ROW ACCESS POLICY row_access ]

ON bg_demo

lakes. Configured through a service account

connection, authorized external tables allow you

GRANT TO group FILTER USING (c1="filter’)

Fine grain security for your data

in object stores

Row and column level security for
authorized external tables defined on
Google Cloud Storage, Amazon S3 and

Azure data lake storage.

to manage end users without requiring you to

grant permissions on files residing in data lakes.

Better interoperability with

access through open APIs

Row, column level security
consistently enforced when using

BigQuery storage APIs from Spark and

other Dataproc supported OSS engines.

Simplify user access

management

Manage access similar to BQ tables
without needing to manage file

level permissions.



Google’s open data platform around BigQuery

delivers value from data SEEKE
[ : Self-optimizing architecture E
Lnnts lIUIt(Ig_ebnlE'ilf—i::cfolitbroadegr ad:pJEcio;i 1|

of advanced analytics. \ /

Simplified: Real-time and batch. Structured,
unstructured, and spatial. In GCP, AWS
and Azure.

BigQuery

Reliable: Global scale at a predictable cost. =

Industry’s best reliability with 99.99% SLA. Azure e S

Data Lake
GCS



Industry’s First Serverless Spark for All Workloads

°
A n n O u n C I n g Auto-scale without any manual infrastructure provisioning or tuning for

Spark. Empowers customers to shift from managing clusters to workloads.

Pervasive Spark Experience

e Connect, analyze and execute Spark jobs from BigQuery, Vertex Al or
Dataplex in 2 clicks, without any custom integrations, using the best of
Google-native and Open Source tools.

Spark on Google Cloud Flexibility of Consumption
One size does not fit all. Choose between Serverless, Google Kubernetes
Industry’s first Serverless Spark, Engine (GKE), and compute clusters for your Spark applications

integrated with the best of Google Cloud.
Run and write spark where you need it across all
use-cases: ETL, data science and exploration. :

APACHE

Spark’

Q@ O RO

BigQuery Vertex Al Dataplex Composer




Serverless Spark: no clusters to create or manage

Cloud
Composer

s
Jupyter

o~
=

= eclipse

BigQuery
Q,
R

Dataplex

g2

Vertex Al

g

o
)}

>

Data Compute
Unit

g

P

Data Compute
Unit

! Data Compute
20 Unit

Autoscale

I

l

Hive
Metastore

|

Persistent
History Server

Storage
Cloud Storage

Storage
BigQuery

Google Cloud



gcloud beta dataproc batches submit pyspark

--project=%{PROJECT}

--region=${REGION} \
gs://dataproc-spark-preview/spark_terasort.py \
-~ --gbs 186 --partitions 1600 \

--base_dir gs://${BUCKET}/spark_terasort_186/${RANDOM}
--phases gen sort




BQML

In-Database ML engine



Data Acquisition

Data Exploration

Data
Preparation

Google Cloud

Al / ML Workflow

Feature
Engineering

Model Selection

Model Training

Hyper
Parameter
Tuning

Predictions

25



Pipeline for ML workflow

Define Collect Understand Create the Refine the Serve the
objectives data and prepare model model model
the data
]

@ Inputs ——

2

Pre | _ Asset | Train | 4° Model+
processing Creation model Tensorflow - ASSets




Typical ML Workflow

[ Streaming/batch data ]

A 4
BigQuery =» |Data processing=» Exportdata =»  Train ML model =p Operationalize
(data warehouse) (e.g. Python/R) ML model

| . Data Manage Where do |
ssues: Governance? resources? host?

Multiple products & roles can lead to
& unnecessary complexity & costs



Typical ML Workflow

[ Streaming/batch data ]

>

\ 4
BigQuery .
(data warehouse) Data processing=» | Export data
| . Data
SSUes: Governance?

Train ML model

Operationalize

(e.g. Python/R) ML model
Manage Where do |
resources? host?

Simplify with BigQuery ML




Key challenges affecting ML

Complex and time consuming to
set up data pipelines and
multiple tools

Data governance required
across tools

Needs advanced data science
and programming skill set

Google Cloud



BigQuery ML makes machine learning super easy

The easiest way to unlock powerful Al/ML capabilities in BigQuery

. Train and deploy ML models in
. saL

. Execute ML workflows without

7" moving data from BigQuery

. Automate common ML tasks

. Simplify infrastructure management,
" security & compliance

a



Behind the scenes - BigQuery ML

Leverage BigQuery’s processing power
to build a model

Auto-tuned learning rate

Auto-split of data into training and test
Null imputation

Standardization of numeric features
One-hot encoding of strings

€Xlass imbalance handling




Build and train with
Create Model

Linear Regressor: given the
weather, how many NYC
Citibikes are in circulation?

(CREATE OR REPLACE MODEL ‘sara—

bgml.bikes.num_trips’

OPTIONS
(model_type='linear_reg’,

labels=['num_trips']) AS ( J
LECT ,
; temp, /

visib, J
prep., )/
fog, K
rain_drizzle,’
snow_ic_:er'pellets,
num_trips

FROM
wara—qul.bikes.trips_weather_nyc1 8")

/




(SELECT )
predicted_num_trips,
num_trips

. FROM

Use the model with ML.PREDICT(MODEL ‘sara-

ML.PREDICT baml.bikes.num_trips_nyc’, /
(

SELECT \
temp,

visib,

prcp,

fog,

rain_drizzle,
snow_ice_pellets

FROM
\‘sara—qul.bikes.Zm 7_nycbikes_test" ))

/




Query editor

m 1 Save query

churn_logreg

view @® Schedule query ~ & More ~

Details Training Evaluation Schema

Aggregate metrics Score threshold Confusion matrix
Evaluate the model
. h ROC AUC 0.7163 Positive class —& 0:2226 \#\"
>
&
with ML.EVALUATE .
. Positive class 1 Actiial labiels Q@b i &
Negative class 0
Precision 0.3488 1 28.89%
Recall 0.7111
Accuracy 0.6349
F1 score 0.4680 o 38.74%

Use this slider above to see which score threshold works best for

your model.
Precision-recall curve Precision and Recall vs Threshold ROC curve
1.0 1.0 1.0
8 o O
e 8
5 < o
(3
& ) Y
3 1
o S
o
'AUC 0.7163
0.0 0.0 0.0
0.0 1.0 0.0 1.0 0.0

Recall Threshold False positive rate



SELECT
Evaluate the model %

with ML.EEVALUATE FROM
ML.EVALUATE(
MODEL [DATASET].churn_logreg

)

Row precision recall accuracy f1_score log_loss roc_auc

1 0.4367816091954023 0.10555555555555556 0.7672521957340025 0.17002237136465326 0.49420724043767983 0.7162997002997002



ML without data transfer

Data in
Company

Model re-training Machine Learning
————> @ using BigQuery ML
BigQuery
Predictions
Report through BI Connect with email
platforms - marketing and Ads
Data Studio, Looker, etc. systems

Google Cloud



BigQuery ML supported models and features

Logistic regression
Classification B Other
DNN classifier (TensorFlow) .
Capabilities
XGBoost
AutoML Tables

Wide and Deep NNs

- Linear regression
Regressmn DNN regressor (TensorFlow)
XGBoost
ML Ops
AutoML Tables

Wide and Deep NNs

k-means clustering
Time series forecasting (ARIMA+)
Recommendation: Matrix factorization

Anomaly Detection

Principal Component Analysis
Hyperparameter tuning using Cloud Al
Vizier

Explainable Al

Importing TensorFlow models for
batch prediction

Exporting models from BigQuery
ML for online prediction



MLOps tooling for BigQuery ML

tttttttttttt

Manage production models using
Vertex Al Model Registry

Use models in BigQuery or deploy
behind a REST endpoint

Orchestrate data prep, training,
and eval with Vertex Al Pipelines



Register, organize, track, and version
your trained and deployed ML models
supporting AutoML, BQML, and custom
workflows

Store model metadata and runtime
dependencies for deployability.

Integrate with the model evaluation
and deployment capabilities and track
online and offline evaluation metrics for
the models. [on roadmap]

Govern the model launch process:
review, approve, release, and roll back.
[on roadmap]

Filter models

Name

music-ranking

model-name-1

model-name-2

model-name-3

model-name-4

model-name-5§

Deployment status

@ Deployed on Vertex Al

@ Deployed on Vertex Al

@ Deployed on Vertex Al

@ Deployed on Vertex Al

@ Deployed on Vertex Al

Description

Lorem ipsum dolor sit amet,
consectetur adipiscing elit

Lorem ipsum dolor sit amet,
consectetur adipiscing elit

Lorem ipsum dolor sit amet,
consectetur adipiscing elit.

Lorem ipsum dolor sit amet,
consectetur adipiscing elit

Lorem ipsum dolor sit amet,
consectetur adipiscing elit

Lorem ipsum dolor sit amet,
consectetur adipiscing elit..

Q,  Search products and resources

Manage production models using Vertex Al Model Registry

Default version  Type

2 H Tabular

3 @ Custom training

3 @ Custom trainin g

3 @ Custom training

3 & Image classification
3 [& Image classification

Source Updated T

BigQuery ML l 2:53 AM, Jun 27, 2020

Imported 2:53 AM, Jun 27,2020
Imported 2:53 AM, Jun 27,2020
Imported 2:53 AM, Jun 27, 2020
AutoML 2:53 AM, Jun 27,2020
training

Custom 2:53 AM, Jun 27,2020
trainin g

Rows perpage: 10 »  1-Tof 1

theon-waw project «

SQL QUERY % 1_MODEL_CREATE_LINEAR4 x
1_model_create_linear @ QUERY MODEL i DEPLOY TO VERTEX Al
DETAILS TRAINING EVALUATION SCHEMA

Model type Data location Madel size

L inear rearession FU 2372 MB

W DELETE MODEL

i EXPORT MODEL



Use models in BigQuery or deploy behind a REST endpoint

Batch Predictions inside BigQuery
Model prediction inside of BigQuery
queries

Good for data analysis, especially
over large batches of data

Example
#standardsQL
SELECT
*
FROM
ML.PREDICT (MODEL “bgml_ tutorial.penguins_model’,
(
SELECT * FROM
"bigquery-public-data.ml datasets.penguins’
WHERE
body mass g IS NOT NULL
AND island = "Biscoe"))

Vertex Online prediction
Get model predictions for single
examples over a REST API

Good for integration with
applications, especially
requiring low-latency

Leverage Vertex Model
Monitoring

Q. Search products and resources

theon-waw project

SQL QUERY X 1_MODEL_CREATE_LINEAR_ 4 x +

1_model_create_linear @ QUERY MODEL ! DEPLOY TO VERTEX Al W DELETE MODEL & EXPORT MODEL

DETAILS TRAINING EVALUATION SCHEMA

Model type Data location Model size
Linear rearession FU 7372 MR



Orchestrate data prep, training, and eval with Vertex Al Pipelines

(=] EasytousePython SDKs O ¢ o
Build pipelines using Data Scientist friendly g
SDKs like TensorFlow Extended and ‘
Kubeflow Pipelines. :

£ Automated, Scalable and Cost Effective
Leverage GCPs managed services to build
scalable pipelines. Pay for only the resource
you use.

9., Streamlined MLOps
Automatic metadata tracking :

BigQuery Model operators

BigqueryQueryJobOp

BigqueryCreateModelJobOp

BigqueryExportModelJobOp o o
BigqueryPredictModelJobOp

BigqueryEvaluateModelJobOp

vvvvvvvvvvvvvvv



Limitless Users

By delivering data experiences for all data people

Self-Service Bl -»
Data Studio ™

Deliver the right tools

to the right people. EDW-Powered Spreadsheets .
|

Google Sheets

Google’s varied data
Governed Bl with

experiences make it Semantic Model 6
easy for any team to Looker
drive analysis from its
leading DBMS platform. Natural Language
g P Data QnA ﬁl

MicroStrategy % Informatica Hr+ableau
Partner Ecosystem ¢
b Power Bl (ysisense

Qalik® zz.= IBM Cognas Analytics



Introducing Connected
Sheets

Combining the best of Big Query
and the familiarity of Sheets to
empower workforces and assist
with:

® Unlocking big data insights
e Accelerating data workflows
e Improving cost-efficiency

e Strengthening data security

Sheets

Easy to use &

shareable
Familiar interface

Light-weight

analysis

+

Introducing

Connected
Sheets

Analyze billions of

rows of data in
Sheets, without any
need for specialized
knowledge.

Big Query
Analyze petabytes
of data
Complex queries

Increase time to insight



@ Untitled spreadsheet )

~ o~ p 0% -

Single source

of truth

Access billion rows ik

of BigQuery data directly in .
Sheets without :
compromising securityand &
performance.

File Edit View Insert Format Data Tools Add-ons

—

Sheetl ~

S % O 00 123+

Default (Ari.. ~ 10

B IS&

A

Help  Last edit was 2 minutes ago

o @




Bike data analysis = @ ~ 8 e
File Edit View Insert Format Data Tools Add-ons Help Last edit was seconds ago

e~ | 100% v A~
£ Data: bike_trips Refresh options ® watch tutorial [ Send feedback £
D O m O r e W i t h [@ Chart i7 Pivot hle Z Function IS Extract + Calculated column
122 ] ] 123 i, 23 123

oo tripduration = starttime = stoptime = start_station_id = start_station_name = start_station_latitude = start_station_lo

fa | I l I I I a r t O O I S 1582 5/30/201816:41:12  5/30/2018 17:07:35 3536 W 116 St & Broadway 40.8082
500 3/26/201817:04:10 3/26/201817:12:31 3398 Smith St &9 St 40.6746957 -73
85 5/23/201815:59:58 5/23/201816:01:24 3674 Jay St & York St 40.70140317 7
802 5/11/201816:15:25 5/11/2018 16:28:47 3305 E91St&2 Ave 40.7811223 -73
240 5/24/201818:55:30 5/24/2018 18:59:31 3674 Jay St & York St 40.70140317 7
. . 964 2/24/201812:39:21 2/24/2018 12:55:26 3644 Van Dyke St & Van Brunt St 40.67581623 -74
U N I OcC k INSI g htS fro m yo ur 260 5/3/201814:5913  5/3/201815:03:14 150 E2 St& Avenue C 407208736 73
284 5/26/201819:34:26  5/26/2018 19:39:10 2000 Front St & Washington St 40.70255088 -73
. ] 306 5/14/201815:54:34  5/14/2018 15:59:40 433 E 13 St & Avenue A 40.72955361 -73
d ad ta usin g fe a t ures yo ure 426 4/9/201816:18:19  4/9/20181625:25 3530 W 116 St& Amsterdam Ave 40.8067581 3
339 5/3/201811:29:30  5/3/201811:35:09 3552 W 113 St & Broadway 40.805973 -
ol N . 713 2/22/201818:40:15  2/22/2018 18:52:09 433 E13 St & Avenue A 40.72955361 -73
a I re a d y fa m I | I a r W I t h I n 202 5/16/2018 9:52:41 5/16/2018 9:56:03 3542 Amsterdam Ave & W 119 St 40.8086249 7
196  5/21/2018 8:12:38  5/21/2018 8:15:55 3632 E12 St & Avenue B 40.72804857 -7
S h h H b I 816 4/7/201811:32:44  4/7/2018 11:46:21 3301 Columbus Ave & W 95 St 40.7919557 -
e e t S I S u C a S p I VOt ta e S I 252 5/14/2018 8:10:08  5/14/2018 8:14:21 3632 E 12 St & Avenue B 40.72804857 -7
@ Preview of full dataset 2:46PM  Refresh 3599 Frankiin Ave & Empire Blvd 40.66314 7

ChartS, and fOrmU|aS. . o 3552 W 113 St & Broadway 40.805973 . -

£ Data: bike_trips ~ Bike usage ~ <

i
[}



Bike data analysis ¢ @ ~ 8 G
File Edit View Insert Format Data Tools Add-ons Help

Last edit was 11 minutes ago

o~ @ T 100% v § % 0 .00 123 Monserat -~ 12 - B I 5 A % H ~

Customize your report with themes

Al B c D E F 6 H

Bike data analysis

Fresh insights |

3 Powered by BigQuery & connected TOTAL ROWS

: I L 53,108,721

f‘ 53,108,721

5 COUNT

13 : E NTUNIQUE

15 WHAT ARE BIKE RIDERS LIKE?

+ = Basic analysis ~ £ Data: bike_trips - Ride analysis ~ Bike usag 3 <



Bike data analysis el ]
4 z 2 Pe dded ~ E G
File Edit View Insert Format Data Tools Add-ons &= Personadded 7 .i,tes ago

o~ T 00% v § % 0 00123~ Monserm - 12 v B I & A % H ~
Customize your report with themes

Al B c D B F (5

Help secure B | Bike data analysis
collaboration | o s

6 OVERVIEW

17,682 53,108,

9 COUNTUNIQUE COUNT

410,405

13 L COUNTUNIQUE COUNTUNIQUE

15 WHAT ARE BIKE RIDERS LIKE?

+ = Basic analysis ~ = Data: bike_trips ~ Ride analysis - Bike usag 3
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1. Data Pipeline

s& [ L ‘ 4
= o Lt 0o N

N
02 sessionl (@) sigauery )

Common Data Analytics
Pipeline on GCP

2. Data Insight

1. Data Pipeline on GCP -
2. Data Insight on GCP -»
3. Reference - O

3. Reference




PB £t9| 7t x| 7S
Enterprise Data Warehouse

oH pajd & MA@

BigQuery

BEZESQLXH

50

Session 1. Common Data Analytics Pipeline on GCP

XEstH|g
- Query X2| 2 & 3132

0 ACL(Access Control List)
- Dataset [ Table

BQML(BigQuery ML)



2-1 Data Pipeline on GCP

‘& o1l e ‘ et
: : Sid ’e® bl OA I'II

Q BigQuery )




Dqtq Pi pel i ne on Goog Ie C Io u d Session 1. Common Data Analytics Pipeline on GCP

Google Cloud 7|2t2| 2EFMQl Data Pipeline Of| A|L|Ct.

Architecture: Streaming & Batch Data Analytics Pipeline

e o

Cloud
aws L 00000000000000000000C0C0GC00O0D0 HI Cloud COMPOSEr |4 ¢ o e o o o o o 6 o o s o s oo oo s oo eeeesosse .
IA Microsoft Azure . Data Processing
. Ingest
. K, Dataflo
On-Premise _gStreafnln el e = o ow
. SN Pub/Sub
S ‘ Load to DW
(| o Datapro
2 n ald (n ] 'S
s & mE— A c BigQuer
Cloud
: d Data
Integrati i Fusion
ntegrations :
Goog\e Batch ]
Services . 1 1 Cloud Bnguer
0 \ [ Storage Q y
Ml & : o




DG tq Pi pel i ne on Goog Ie C Io u d Session 1. Common Data Analytics Pipeline on GCP

Google Cloud 7|2t2| 2EFMQl Data Pipeline Of| A|L|Ct.

Architecture: Streaming & Batch Data Analytics Pipeline

e o

Cloud
aws L 0000600000000000000000000GO DO HI Cloud COMPOSEr v v v v e v e e e et e oo o oo oo aensoseanas .
: Hlo|E £% :
IA Microsoft Azure . 0 ." I .I e Data Processing
. Ingest
.. R Dataflo
On-Premise StLa,m'"ﬂ el e | K oow
. SN Pub/Sub
— ‘ Load to DW
= = Datapro
P ~
ol (n ] 2 @ BigQuer
I e u y
Cloud
1 Data
. Ingest )
Integrations . e
Google Services Batch ||
: =01 Cloud BigQuer
0 \ . I 1 Storage Q y
Ml & : |




DG tq Pi pel i ne on Goog Ie C Io u d Session 1. Common Data Analytics Pipeline on GCP

Google Cloud 7|2t2| 2EFMQl Data Pipeline Of| A|L|Ct.

Architecture: Streaming & Batch Data Analytics Pipeline

e o

Cloud
aWS f ......................... Q EIIOIE1 x‘l EI ........................ :
N . :
IA Microsoft Azure . Data Processing
Ingest
. s& Dataflo
On-Premise _gStreafnln el e = o ow
. SN Pub/Sub
— ‘ Load to DW
(| o Datapro
- = 24 BigQuer
— — @
: 1 o
[ : i Fusion
Integrations :
Google Batch ]
Services . 1 1 Cloud BigQuer
0 \ [ Storage Q y
Ml & : R




. Dqtq ProceSSing serVice in Google CIOUd Session 1. Common Data Analytics Pipeline on GCP

Google CloudOf| M H|O|H & X2| g U AtE3H= MH|AE 2L T,

C c
BigQuery Dataflow
Enterprise Data Warehouse Apache Beam 7|t
B0 £ &Alo| HIO|E ELT 7ts KE{2|A & 2 2|3 AH|A K,
Google Cloud
L L
Data Fusion Dataproc

2 UIZ Qlze} 22 EEI 22|3 Hadoop / Spark AH|A
e

I
ETL Gl0|Ef Tjo|mafel ¢E &

55



DG tq Pi pel i ne on Goog Ie C Io u d Session 1. Common Data Analytics Pipeline on GCP

Google Cloud 7|2t2| 2EFMQl Data Pipeline Of| A|L|Ct.

Architecture: Streaming & Batch Data Analytics Pipeline

e o

Cloud

aws L 0000600000000000000000000GO DO HI Cloud COMPOSEr v v v v e v e e e et e oo o oo oo aensoseanas .
IA Microsoft Azure . Data Processing .
: " o - :
. Dataflo Q Hlo|E{ Xz 2
- A~ :
On-Premise StLa.mlng el e L K oow .
. SN Pub/Sub .
— ‘ Load to DW .
. = = Datapro
I . 3
nn o 22 @ BigQuer
S S y
Cloud
: 1 Data
. Ingest e | )
Integrations . Fusion
Google Batcl:n ]
Services .

: I Cloud BigQuer
. I 1 Storage y
o' o . ——




Q BigQuery )

2-2 Data Insight with GCP




. Big QUGI‘Y% Dq tq M a rtE %‘g Session 1. Common Data Analytics Pipeline on GCP

BigQuery ACL(Access Control List)2t View 7| 52 &84l Data Mart2A{ BigQueryE &&gfL|C}.

Using BigQuery as a Data Mart

Google Cloud

Q Snguer

—_— AEAN B £ A
Q Snguer [ — Q BigQuer e — m T
y [‘:r’

(21
— a
QA

58




. Big QUGI’Y% DG tq M a rtE §El.'g' Session 1. Common Data Analytics Pipeline on GCP

BigQuery ACL(Access Control List)2t View 7| s2 &8¢l Data Mart2A{ BigQueryE &-8gfL|C}.

Access Control List
& Authorized View

Using BigQuery as a Data Mart

GO gle Cloud BI(Report)

Data Mart

BigQuer :
— @ —
y r Ll
-9 AR A
Report - 1
Data Warehouse Data Mart _n_l
Q Snguer Q BigQuer —’l m{@% ﬁ%
—_—T > y -
B EA
Report - 2
Data Mart A ET— N
— =
L Q BigQuer “—le\ < Q&.
B 20 CEM
=

Report - 3

59



. Bl services in GCP

Google CloudO|M HIO|E{ & AlZfote I F= A EE[=

en-u
2 u
3 en-us
4 en-us

en-us

en-us

Mountain Vi

(not set)

Mew York

San Francisc

Sunnyvale

San Jose

ew 2932 1,987
2621 5
o =3

4

w— 52995

Data Studio

£ I MH|A

=3
CIISHH|O[E{ AA K|
Code/Query 20| CHA|HC MM

60

Session 1. Common Data Analytics Pipeline on GCP

= 2IHghLC

cancelled | complete | pending

Users by State

100

o ) More - 1

Top Sales by Category

Sales Over Time

iiik e e=ts
|

Users Acquired over Time

||H|"|M i

S 20

J
. ..MIIIIIIHIH
il

. o s iy
Croatad Mo

ey @

® wioss Hew  Suwmm —WH — NN — 0

® 7001 Avow —s0wn

=
HZHIO!-IPAlowList&ACL
LookML 2 CustomLogic A4

7Hat

T e g o

HZstDataBased| 217 Query




2-3 Reference

7 o HHA ®MZ=HH KA




Refe re nce) AS = IS A rc h itectu re Session 1. Common Data Analytics Pipeline on GCP

= AtE2] 7|1E M A A|AH oFF =M QLT

AS-IS Architecture

e
| On-premises BI(Report) :
! 1
i On-premises |

1
i e o !
! - -I 1 '
| u n O !
I |
1
' > mmm ODS ~——» ommm EDW(Sybase IQ) > i
1 S H
| AWS l |
| Amazon .i E E !
O 1
! RDS D WAS mer |
' e = |
! |
! 1
! 1
! 1
S g
agz |
Google Cloud
GA360 :|;|: Compute @ BigQuer @ BigQuer
“vin . Engine y y




Refe re nce) AS = IS A rc h itectu re Session 1. Common Data Analytics Pipeline on GCP

= AtE2] 7|1E M A A|AH oFF =M QLT

AS-IS Architecture

L+ !
. On-premises BI(Report) i
' 1
i On-premises |
1
: . C— !
: “um _I O > !
| e O !
I 1

1
' ) c=== ODS ———————— ommm EDW(Sybase IQ) > '
1 = | = | :
| AWS l |
| Amazon Ii C E !
. 1
: RDS G WAS = |
| e = -
| |
' 1
' 1
. 1
L [ I

e [
Google Cloud
GA360

AR B B
duk Compute @ BigQuer @ igQuer
“vin . Engine y y




Refe re nce) AS = IS A rc h itectu re Session 1. Common Data Analytics Pipeline on GCP

= AtE2] 7|1E M A A|AH oFF =M QLT

AS-IS Architecture

L+ i
. On-premises BI(Report) :
' 1
i On-premises |
1
: . C— !
! ----I O !
| u n O !
I |
1
' > Dmmm ODS s EDW(Sybase 1Q) > '
1 (=} (= ] :
| AWS |
1 mb
! Amazon =| E E |
' RDS '
| S |
' 1
' 1
' 1
' 1
S g
gz |
Google Cloud
GA360

AAR H B r
dmk Compute @ BigQuer @ igQue
“vin . Engine y y




Refe re nce) AS = IS A rc h itectu re Session 1. Common Data Analytics Pipeline on GCP

= AtE2] 7|1E M A A|AH oFF =M QLT

AS-IS Architecture

On-premises

b mmm ODS > ommm EDW(Sybase IQ)
= | = |
AWS l
Amazon —
RDS E o \WAS
= |
L
g [
Google Cloud
GA360 .
dmk Compute

wns Engine




Refe re nce) AS = IS A rc h itectu re Session 1. Common Data Analytics Pipeline on GCP

= AtE2] 7|1E M A A|AH oFF =M QLT

AS-IS Architecture

e
| On-premises BI(Report) :
! 1
i On-premises |

1
i e o !
! - -I 1 '
| u n O !
I |
1
' > mmm ODS ~——» ommm EDW(Sybase IQ) > i
1 S H
| AWS l |
| Amazon .i E E !
O 1
! RDS D WAS mer |
' e = |
! |
! 1
! 1
! 1
S g
agz |
Google Cloud
GA360 :|;|: Compute @ BigQuer @ BigQuer
“vin . Engine y y




Refe re nce) To = Be Arc h itectu re Session 1. Common Data Analytics Pipeline on GCP

Google CloudE 7|HtC 2 SHEl 24 &3S A5 At LICE

TO - BE Architecture

AWS Google Cloud

Amazon

RDSE «—
Cloud
.o d HI I © 05 0090900003009060020500003000060030¢ -

r

Clou . . .
) : L BigQuer Data Mart BigQuer
On-premises . I‘DI i S — Q yg L= Q yg
2 C

L
h
- .
M — <
X .
GA360

N Q BigQuer
. g y
[

67



Refe re nce) To = Be Arc h itectu re Session 1. Common Data Analytics Pipeline on GCP

Google CloudE 7|8tO 2 EEHEI EMA| &A S 78 Al LICE,

TO - BE Architecture

Google Cloud

Amazon

RDSE
Cloud
oo dq HI Compose........................................

r

Clou . . )
) : ® BigQuer Data Mart BigQuer
On-premises s I‘DI IS Datapro Q yg k| Q yg
y C

" VPN

N Q BigQuer
g y

68



Refe re nce) To = Be Arc h itectu re Session 1. Common Data Analytics Pipeline on GCP

Google CloudE 7|HtC 2 SHEl 24 &3S A5 At LICE

TO - BE Architecture

AWS Google Cloud

Amazon

RDSE
Cloud
oo HI Compose [ * "'ttt rtrtarsca it >

r

Clou . . .
) : L BigQuer Data Mart BigQuer
On-premises I-DI d — S Datapro Q yg Ll Q yg
. ) c

VPN
K
- -
o
[
s n
GA360

N Q BigQuer
. g y
[

69



Refe re nce) To = Be Arc h itectu re Session 1. Common Data Analytics Pipeline on GCP

Google CloudE 7|HtC 2 SHEl 24 &3S A5 At LICE

TO - BE Architecture

AWS Google Cloud

Amazon

RDSE «—
Cloud
.o d HI I © 05 0090900003009060020500003000060030¢ -

r

Clou . . )
. [ Bi uer Data Mart Bi uer
On-premises — -‘DI d < 1N Datapro — Q ng Q ng
VPN 0 —c I —
h
- -
e — +—
L.
GA360

N Q BigQuer
. g y
[

70



Refe re nce) To = Be Arc h itectu re Session 1. Common Data Analytics Pipeline on GCP

Google CloudE 7|8tO 2 EEHEI EMA| &A S 78 Al LICE,

TO - BE Architecture

AWS Google Cloud

Amazon

RDS E PR
Cloud

Compose
p

Clou . )
Bi uer Data Mart Bi uer
S — -Q-I ¢ L e ’ Q ng E— Q ng
p C

VPN

h

GA360

N Q BigQuer
. i y
o

7



Refe re nce) To = Be Arc h itectu re Session 1. Common Data Analytics Pipeline on GCP

Google CloudE 7|HtC 2 SHEl 24 &3S A5 At LICE

TO - BE Architecture

AWS Google Cloud

Amazon

RDSE «—
Cloud
.o d HI I © 05 0090900003009060020500003000060030¢ -

r

Clou . . .
) : L BigQuer Data Mart BigQuer
On-premises . I‘DI i S — Q yg L= Q yg
2 C

B
s
- .
M — <
X .
GA360

N Q BigQuer
. y
[

72



. Refe re nce) Eoul §.:'—|' Session 1. Common Data Analytics Pipeline on GCP

= A2 =Y 2atL|Cf,

73



. Refe re nce) Eoul §.:'—|' Session 1. Common Data Analytics Pipeline on GCP

= A2 =Y 2atL|Cf,




. Refe re nce) Eoul §.:'—|' Session 1. Common Data Analytics Pipeline on GCP

= A2 =Y 2atL|Cf,

Private &d 1=

75



. Refe re nce) Eoul §.:'—|' Session 1. Common Data Analytics Pipeline on GCP

= A2 =Y 2atL|Cf,

76



. Refe re nce) Eoul §.:'—|' Session 1. Common Data Analytics Pipeline on GCP

= A2 =Y 2atL|Cf,

I

oo of
O3 o
J

u3 ¥4

77



. Refe re nce) Next Ste p Session 1. Common Data Analytics Pipeline on GCP

= Z2HE T o] tHAlo| Mol && 5 7|t 2o iLC

m Next Step with BigQuery ML

] . B|gQuery01I ME=0f A= HOHE B 0| S0

2 §F-"516H MLEZR 2=

Google Cloud BigQuery - SQLO| 223t 24 MRXIS0| B ML 2 Y= 3 M

<=

M ABX

=
=

o A S
© :o2u=

« EF A|AE £9 NN ES » 1174 Segmentation
>

Ve > M1 B 28 57t > EP 0P|, 24 12 s

!




o
03 sSession?2

Integration BigQuery with GWS & GA




1. Google Services

COANIJA%D
m
03 Session2 (@) sigauery )

Integration BigQuery with e
-

GWS & GA - O

3-1. BigQuery with Various Data

3-2. Reference 2. Reference

3-3. Demo

3.Demo




3-1 BigQuery with Various Data

GOANJAYD

Q BigQuery )

- 5




. Goog Ie C Io u d QI _?_ EI QI. (o - | 7=| 7 I-%'o:'_ ig Query Session 2. Integration BigQuery with GWS & GA

BigQuery= T2 L A|H|ASE] 3rd Party MZ7}X| Chist Hl0|E) AAZ X|BHLICH

) L
o~ .
Google Workspace (5 Google Analytics
.+ GWS2|2A ZE 2} -+ Ao YANE Y BEI|E 4T
* GWS MH|A ALEEF 7 « Web &Application D& X

- XA Rpro| wotzE| X2

— =

L
Additional Resources J

@ BigQuery

)
Google Spreadsheet E

* Youtube ME AtEAt EEF 21, . I3‘||0|E1 M2 2ot ThAAA HEA
Play Store i 4T{Z & 2| 5 . oj%3t OIEJI|0|AZ E3t Co|E] Bl
ArEXto| AHIX S| 2 o I 2300z B|gQuery01IA1 #He| A Its

83



Google Workspace and Bi

BigQueryOll ZZ] Ljj 2|2 A A0 it ZAL2 25 X ZE st

G

GWS ZSH[olE £H

_____.?______}_____ _____.}____.?______

Google
Workspace

- Gmail, Chat, Drive,, ChromeS
GWS XHit 2t T A
-GWS AHIA MEZT FA|

X|2IHH: Enterprise. Education Standard, Education Plus

84

Session 2. Integration BigQuery with GWS & GA

OHES B|AA TN

Data Studio

- Data Studio S9| M= AtE3H
ohES H A

-GCP 2|AA 8%t og 7|8t Alert
74



Session 2. Integration BigQuery with GWS & GA

Google Analytics and BigQuery

Google AnalyticsE Sl =T ot 12| A SH|0|E| Z BigQuery2t &

0 @ ©
@ =49 P

LETTES e 4

[ |

AEX W EOlolE =X OiE 24

----1'----->—--?----*---r---->---*r-----

D =D CID D

otstod M| =

-0l S o=

- ARl fYUAZ o ErfE 2T - EX[EQE 2N
- MY, v ™¥E oy £5H -HAAOIE 85 24 -azEsEE gl oF & ’F_@f—’.‘—ﬂ
-EF MEAIEY 7| 2M D H| w "ot -7HE 12 Lifetime Value
2 Y IHE 2N £ Mgt
-HEHA O E

GA Standard®| ¥ BigQuery Export St=: O[HIE 1002t 74

85



Goog le Services and Bng ue ry Session 2. Integration BigQuery with GWS & GA

BigQuery Data Transfer ServiceE £l Ctot Google ME2t 3rd party HES BAE £ JASLICH

-Youtube, Play Store, Ads & -0fe, 0fE 24 -MEEDA - HEI X A X S oot
CHFSE Google Service X2 - AR EE T8 HEER M HA -ALBXFEA BN - HH X gt ook

- BigQuery Data Transfer A{H|A 24 -AMEETA

£%t3rd party XI¥ - A8 30| 2M -ATIOH B HTA

86



. S predd S heet2|' Big QUel’y Session 2. Integration BigQuery with GWS & GA

JYH|0[E 22l Spreadsheet:= LIE SHUO 2 BigQuery2t 2 AFEE = RS LT

Connected Sheet

0l2:5H0IE{H|0| AO{|A]
CH2ofstEtARIRL S S 424
S LYY | ZI 10|
HO[E{ EX 2RI 7Hs

2 NUHAIRE WorkfowZ a3t

87



Q BigQuery )

SEl) 3-2 Reference

=L 28 M= A EAL



Reference

Session 2. Integration BigQuery with GWS & GA
Spreadsheet®t BigQueryE Z&5t04 H|O|EHHE +=&, ETL, X & A 24{st= 2td S F=0t At LICEH
dWs ERP, ZHA| A| AE Go gle Cloud
S T ; I::— 2=
Amazon|  [Amazon]  [Amazon)
RDS RDS RDS Clou 4 cloud @® Data
d  —s— , e studio
VPN =l Data Fusion
w ERP, GWS %7 =3
Q BigQuer
Google Workspace & Spreadsheet /

Ux|, BN

—_ E Spreadsheet
—_— E Spreadsheet

JApps Script

cj E Spreadsheet
BigQuery API

Apps Script
ERP, GWS ¢ =3|
cJApps Script

89



. Refe re nce) E%I _'é'_:l_l. Session 2. Integration BigQuery with GWS & GA

= A2 =Y 2atL|Cf,

90






m
04 sSummary




. S umma ry summary

BigQueryE AHE3%t= 0|7

Data Insight

o A 2 N

C

O
3 .ll o\ BigQuery Q E
D% b

93



Cloocus



