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What is Data Analytics?

H @ @
A0

Capture & Manage Insights Data-driven Decisions
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1980
DB

A data warehouse is like a ETL
highly organized library. b5 | | b2

DW
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2010

Data lake

A data lake is a centralized repository
designed to store, process, and secure large
amounts of structured, semistructured, and
unstructured data. It can store data in its
native format and process any variety of it,
ignoring size limits.

Structured data

Semistructured data

Unstructured data

Google Cloud



A data lake brings together data from across the
enterprise into a single location

Raw data
Replicate
) A
—— I. (ELT)
RDBMS Offline files Other systems
and apps Data lake

Spreadsheets

Google Cloud



Replicate

Data lake

Extract, Transform,
Load Pipeline

Proprietary + Confidential

>

Data warehouse

Google Cloud



Data warehouse vs. data lake

Traditional data storage Challenges of separation

e Data warehouse: Ideal for structured, e Data silos: Hard to analyze different data types
organized data used for business insights. together.

e Data lake: A cost-effective place for huge e Complex extract, transform, load (ETL):
amounts of raw data in any format. Required moving and duplicating data,

increasing costs and delays.
e Governance Issues: Managing security and
access across two systems was complicated.

Google Cloud



2020

Data lakehouse architecture

01

Combines low-cost,
flexible data lake
storage.

Raw data

02

Offers powerful querying,
transaction management,
and governance features of
a data warehouse.

Replicate

Extract, Transform,

- Load Pipeline
- - —_—

(L

Data lake Data warehouse

03

Delivers a single, unified
system for modern data
architecture.

BigLake

Google Cloud
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Data analytics lifecycle

Ingest Process Store Analyze Activate

Governance

— It's an iterative process. You will often go back and forth.
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Data analytics lifecycle: Ingest

Ingest Process Store Analyze Activate
Governance
Objective: Breakdown data silos, make all data reliably accessible when needed. Related Tools:
This layer focuses on: e Pub/Sub
e Latency requirements (real-time vs near real-time vs batch) e ga‘;azroc
Data completeness and delivery guarantees ° atatiow
P y9 e Cloud Storage

[
e  Replayability and backfill capability
e  Source reliability and failure handling



Data analytics lifecycle: Ingest

Pub/Sub

) Google Cloud

A
Publisher1 —

e
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B
Publisher2 —

Topic

Schema
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A B
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Data analytics lifecycle: Ingest

Pub/Sub

Ensures at-least-once delivery

No provisioning is required

APIs are open

Global by default

Offers end-to-end encryption



Data analytics lifecycle: Ingest/Store

Object °

Cloud Storage —-

I I Cannot directly edit

Bucket




Cloud Storage is an object storage service

Objects Object

Immutable —-

Maximum object size: 5 TiB

Object versioning

Object Lifecycle Management
Access by URL

Buckets

Global uni
unique name Bucket

Zone/Region/Dual-region/Multi-region

Storage class: Standard/Nearline/Coldline/Archive

Autoclass

Cannot directly edit

Google Cloud



Cloud Storage holds your structured/unstructured
data

Standard storage  Nearline storage  Coldline storage  Archive storage

©® Application data

| | A Database backups
/ - - . .

Log files
Hot data Once per month Once every 90 days Once a year h Compllance data
0 Reliability and scalability Q Accessed by HTTP request

0 Retrieved by object name



Use cases & key features

A A
Use cases: Key features:
e Website content e Scalable to exabytes
e Storing data for archiving and disaster e Time to first byte in milliseconds
recovery

e \ery high availability across all
e Distributing large data objects to users storage classes

via direct download e Single API across storage classes

Google Cloud



cm - esxwea [l

Demo: Cloud Storage

Google Cloud $¢ paggie-svc-project l [ Search (/) for resources, docs, products, and more

& Bucket details

n coe-lecture-material

Location Public access Protection

Soft Delete

Storage class

me-centrall (Doha)  Standard @ Access granted to public principals

Objects Configuration Permissions Protection Lifecycle Observability Inventory Reports

>

Buckets > coe-lecture-material If

Create folder Upload ~ Transfer data v Other services v

Sort and filter v = Filter Filter objects and folders.

Q_search 4+ =& @ ®
/" Edit bucket @ Go to path C Refresh
Operations
®Learn

®  show Live objectsonly ~

@ Object sorting and filtering can make the Storage browser slower. For faster performance, select Filter by name prefix only from the filtering menu. Dismiss

O Name 4 Size Type Created @ Storage class
O 8 01.Introducing Google Cloud.pdf 4MB application/pdf Jan 29,2026, 11:54:22AM  Standard
a B 01. Introducing Google Cloud.pptx 27.3MB i d fficedocument. Jan 29, 2026, 11:54:22AM Standard
O B 02 Resources and Access in the C. 3.4MB application/pdf Jan 29,2026, 11:54:23AM  Standard
D B 02. Resources and Access in the C. 10 MB nd fficedocument. Jan 29, 2026, 11:54:23AM Standard
O B8 03.Networking in Google Cloud.pdf 45MB application/pdf Jan 29,2026, 11:54:24AM  Standard
D B 03. Networking in Google Cloud.pp.. 17 MB i fficedocument. Jan 29, 2026, 11:54:25AM Standard
[m} B 04. Advanced Networking.pdf 7.1 MB application/pdf Jan 29, 2026, 11:54:25AM Standard
O B 04. Advanced Networking.pptx 241 MB i d. fficedocument. .p Jan 29, 2026, 11:54:25AM Standard
O B 05.Google Compute Engine (GCE). 3.1MB application/pdf Jan 29,2026, 11:54:25AM  Standard
D B 05. Google Compute Engine (GCE) 15MB nd fficedocument. p Jan 29,2026, 11:54:26 AM Standard
0O B8 06. Container Management_ GKE ... 5.4 MB application/pdf Jan 29,2026, 11:54:27AM  Standard
O B8 06. Container Management_ GKE 22.8 MB icati d fficedocument. Jan 29,2026, 11:54:27AM  Standard
a B 07. Data Architecture on Google Cl... 10.7 MB application/pdf Jan 29, 2026, 11:54:28 AM Standard
O B 07. Data Architecture on Google Cl... 37.5MB nd fficedocument. Jan 29, 2026, 11:54:28 AM Standard

[c [ [« [« [« [« [« [« [« [« [« [ [«

fe

< Object details

Buckets > coe-lecture-material

Live object Version history

& Download /' Edit Metadata

Overview
Type
Size
Created
Last modified
Storage class
Custom time

> 01 Introducing Google Cloud.pdf [f

22 Edit Access W Delete

application/pdf

4 MB

Jan 29, 2026, 11:54:22 AM
Jan 29, 2026, 11:54:22AM
Standard

Public URL ®

Authenticated URL (@

https://storage.googleapis.com/coe-lecture-
material/01.%20Introducing%20Google%20Cloud.pdf @

https://storage.cloud.google.com/coe-lecture-
material/01.%20Introducing%20Google%20Cloud.pdf I

gsutil URI @
Permissions
Public access
Protection
Version history 2
Retention expiration time ()

Object retention retain until
time
Bucket retention retain until
time

Hold status

Encryption type

gs://coe-lecture-material/01. Introducing Google Cloud.pdf g

@ Access granted to public principals

None

None

None

None #*

Google-managed




Agenda

01
02
03
04

05

06
07

The Data Analytics Lifecycle Overview

Ingest

Process

Store

Analyze

Introduction to BigQuery

Querying External Data Sources or Public Datasets Demo

Control access with Policy Tag Demo

Building Pipelines in BigQuery - from low-code to coding method Demo
Visualization & Business Intelligence with Looker & Looker Studio Demo
Derive insights from your data in BigQuery (Agent, Gemini Enterprise) Demo

Activate

Introduction Al on Google Cloud
BigQuery ML Demo

Governance




Data analytics lifecycle: Process

Ingest Process Store Analyze

Governance

Objective: Convert raw data into governed, modeled datasets.
This layer focuses on:

e Data cleaning

e Transformation logic

e Develop & Maintenance of data processing pipelines

e Business logic traceability

Activate

Related Tools:

Dataproc
Dataflow
Data Fusion
BigQuery



Data analytics lifecycle: Process

Dataproc Dataflow Data Fusion

o KN ‘
&( A

\/
\)



Data analytics lifecycle: Process

Dataproc

\v/

{\

Managed Hadoop (Spark, Hive, Pig, etc)

Manager - Worker architecture

Process based on MapReduce model

Reliable auto scaling

Various templates



Data analytics lifecycle: Process

Dataflow 0 Managed Apache Beam

N
XK

Handles both batch and streaming data

Reliable auto scaling

Serverless

Various templates



Apache Beam is a popular solution for pipeline design

An open source, unified programming
model to define and execute data
3 processing pipelines, including ETL,
batch, and stream processing.

Supports Java, Python, and Go SDKs.

Google Cloud



Batch programming and data processing used to be two
very separate and different things

Batch programming

1940's

"Batch" originally
referred to a batch or
box of punch-cards

code data

stream

Data processing

-

1970's
) gate

\ "Flow", "stream”, and

"pipeline" were fluid
) analogies
Flow diagrams

B 4 | ¢

Different tools, different platforms, different concepts, different methods.

Google Cloud



Proprietary + Confidential

Apache BEAM = Batch + strEAM

------------ PTransforms ------------ Pipeline

Pipeline
runners

-7

PCollections

PCollections are immutable Backend system

Google Cloud



Proprietary + Confidential

A PCollection represents batch or stream data

Bounded PCollection Unbounded PCollection

All data types are stored

as serialized byte strings Note: Bounded means the data has a
fixed size not that the PCollection size is
limited. A PCollection can be any size
and be distributed across many workers.

Google Cloud



A pipeline is a directed graph of steps

Google Cloud



How to construct a simple pipeline

2@%)|Sleiilell[gi—»| PTransform_1 PTransform_2 PTransform_3 PCollection_out
Intermediate Intermediate Intermediate
PCollection PCollection PCollection

Python  PCollection_out = (PCollection_in | PTransform_1

Python overloads | PTransform_2
the pipe operator | PTransform_3)

Java  pCollection_out = PCollection_in.apply(PTransform_1)
Java uses the .apply(PTransform_2)
.apply method . apply(PTransform_3)

Google Cloud



How to construct a branching pipeline

PCollection_in

PTransform_1 PCollection_out_1

—»| PTransform 2 PCollection_out 2

PCollection_out_1
PCollection_out_2

PCollection_in | PTransform_1

Python PCollection_in | PTransform_2

PCollection_out_1
PCollection_out_2

PCollection_in.apply(PTransform_1)

Java PCollection_in.apply(PTransform_2)

Google Cloud



Cross language pipeline

PYTHON

apache_beam as beam
Pipeline SDK (Python)

S

1. Start up 2. Create and
expansion inject transform
service into the pipeline @

from apache_beam.transforms.external import JavaExternalTransform

3. Run multi-language pipeline ﬁeam Runner E e U pansi
java_transform = JavaExternalTransform(

"beam:transform:org.example:my_custom_transform:v1",
Workers . . . "
expansion_service="localhost:8097",

SDK Harnesses

with beam.Pipeline(options=options) as pipeline:

Cross-language transform SDK ¢ .
(Java) pipeline
( = | "Readinput" >> beam.io.ReadFromText("gs://my-bucket/input.txt")
< > Kafka | | "ProcessinPython" >> beam.Map(preprocess)
o
o a - 3 .

Java \ JavaProcessing" >> java_transform

in P\
ng in

| "PostProcess" >> beam.Map(postprocess)
| "WriteOutput" >> beam.io.WriteToText("gs://my-bucket/output/")



https://oneuptime.com/blog/post/2026-02-17-how-to-implement-cross-language-pipelines-in-dataflow-using-multi-sdk-support/view

Proprietary + Confidential

How does Dataflow work?

Dataflow Service S

bounded
— = >
— = n = = >
— = n = = >
- > compute and storage )
W === = > auto-healing
5 A AR faE
24
2
9 = = = = o
unbounded — o - C— monitoring
N M > A AR faE
— mm h mm o mm s mm s o s omm s _>
R R > = = = (= log collection
B > f— — — i
— mm h mm o mm s mm s o s omm s _>

Dataflow constantly rebalances the work.

Google Cloud



Why customers value Dataflow: Fully-managed and
auto-configured

Deploy Schedule & Monitor
.......... >

lllllllll LR AAR LR [N | AN
M= -d=- -4 4 M- -d=--4 4 A 4 “ A
n nn
IIIIIIIII -III- AR RN AR
N Er N Er T L
nnn nnn

Google Cloud



Why customers value Dataflow: Graph is optimized for
best execution path

e It optimize the pipeline execution steps : C : C

e |tdoesn't wait for a previous step to *

finish before starting a new step _»_,

— B~
— B> P—-O—®

Google Cloud



Why customers value Dataflow: Autoscaling mid-job

® _ 800 RPS 1200 RPS 5000 RPS 50 RPS >

-Ill- -lll- E -III-
“ | “ “ “ A= =-d==d= " -4d=-=-4 “ “ “ “ “ |
L1} nn . nn
AN | AAR : | AN |
4 “ “ A A A= = dj==4d=: =4 “ | A A A “ “
e nn :
MEOEDOED wf Juf duf duf : duf duf duf d=
e nn
AR -lll-
“ “ = == “ “ “ “
nnn

Google Cloud



Proprietary + Confidentia

Why customers value Dataflow: Dynamic work
rebalancing mid-job

. 100 mins ® 65 mins
RN [N ] (NN (N e
ERE s d= A= md= == =
‘ -III- -lll- Versus -III- -Ill- B ll-
III- -III- III- -III- III- -Ill-
@iz capE -4 o Mfs DA DA
nnn L LA nnn nnn nnn e
-Ill- -III lII- III- -lll-
=15 oz iz cEpp max
nnn nnn nnn nnn e
-Ill- -lll- -III- III- III- -lll-
oMz DAz cAE iz cEpp Az
nnn e nnn nnn nnn nnn
-Ill- -lll- -III- III- III- -lll-
oz DAz A iz naz AR
e LA nnn e e nnn
-Ill- -III- lll- lll- -lll-
o A o A iz sz AR
e nnn e nnn nnn
-lll- -Ill- -Ill- » n o a
o DAl DA oM DAl nEE
e e nnn e e e

Google Cloud



Demo: Dataflow

= Google Cloud

$* paggie-svc-project dataflow

7S Dataflow / Jobs / Dataflow job details

n & test 1@ Clone @ Archive + Import as pipeline @ Share + Trigger ~
@ Job Graph Execution Details Job Metrics Cost Recommendations
| ps view
@ | Graphview -
R
] ReadLines v
Succeeded

sec
2 0f 2 stages succeeded

%

© WordCount...ountWords
Succeeded

sec
20f 2 stages succeeded

:

o MapElements v
Succeeded

sec
1 0f 1 stage succeeded

%

] WriteCounts v
Succeeded

sec
5 of 5 stages succeeded

1> Logs Show A

Send feedback

X | Qsearch + 2o =

Job info

Job name test

Job ID 2026-01-26_21_40_00-
3970752040866938414

Job type Batch

Job status @ Succeeded

SDK version Apache Beam SDK for Java 2.70.0
© A newer version of the SDK family
exists and updating is recommended
Learn more (2

Job region @ asia-east]

Currentworkers @ 0

Latest worker status  Worker pool stopped.
Start time January 27, 2026, 8:40:02 AM GMT+3

Elapsed time 6 min 27 sec
yption type gle-managed
Dataflow Prime Disabled

Dataplex Lineage (3  Disabled
Runnerv2 @ Enabled
Dataflow Shuffle &  Enabled

Resource metrics ~

Current vCPUs 1
Total vCPU time @ 0.033 vCPU hr

Currentmemory @ 3.75GB

Total memory time 0.122 GB hr
@

CurrentHDDPD @  25GB
Total HDD PD time 0.816 GB hr
@

def run():

with beam.Pipeline(options=options) as pipeline:

files = pipeline | "Input File Paths" >> beam.Create([known_args.inputFilePath])

lines_with_row_numbers = (
files
| 'List Files' >> beam.ParDo(ListGCSFiles())
| "Reshuffle" >> beam.Reshuffle()
| "Read CSV with Row Numbers" >> beam.ParDo(ReadCSVWithRowNumbers())
|

"Remove Null Bytes" >> beam.Map(lambda x: (x[@], x[1], TransformationContentWit

transformation_contents = (

lines_with_row_numbers

| "Main Transformation with Error Handl

>> beam.ParDo(

TransformationContentWithErrorHandling(

known_args.schemaJSONPath,
known_args.hashSalt,
5000,
known_args.fieldSizeLimitMB

write_to_final_result = (
transformation_contents
| "Write to BigQuery Final Table" >> WriteToBigﬂuery}‘
known_args.outputTable,
schema="SCHEMA_AUTODETECT",

write_dispositio
beam. io.BigQueryDisposition.WRITE_TRUNCATE
if known_args.isTruncate
else beam.io.BigQueryDisposition.WRITE_APPEND

)y
create_disposition=beam.io.BigQueryDisposition.CREATE_IF_NEEDED,
additional_bq_parameters=additional_bq_parameters,

custom_gcs_temp_location="gs://dataflow-staging-asia-east1-587065697986/tmp",
kms_key=regional_kms_key,




Data analytics lifecycle: Process

Data Fusion Managed CDAP for pipeline portability
Designed for data integration

GUI-based, code-free deployment

Broad library of preconfigured connectors
and transformations




Dataflow versus Dataproc

a Dataflow

Recommended for:

New data processing pipelines, unified
batch and streaming

Serverless: Yes

Auto-scaling:

Expertise:

Yes, transform-by-transform (adaptive)

Apache Beam

a Dataproc

Existing Hadoop/Spark applications,
machine learning/data science ecosystem,
large-batch jobs, preemptible VMs

No

Yes, based on cluster utilization (reactive)

Hadoop, Hive, Pig, Apache Big Data
ecosystem, Spark, Flink, Presto, Druid

Google Cloud



Choosing between Dataflow and Dataproc

Dependencies Apache
Hadoop/Spark

dependencies?

No
DevOps Serverless
DevOps or
Serverless
approach?

Not a concern O EsEaTr One code

both batch and
streaming?

\&
< Not now Prepare for the Yes

Dataproc - future? ( Dataflow
<

/
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Data analytics lifecycle: Store

Ingest Process Store Analyze Activate
Governance

Objective: Data scales with company growth without cost or performance risk. Related Tools:
This layer focuses on: e Cloud Storage

e Scalable storage architecture e Cloud SQL

e Cost and performance optimization : iﬁaneBF

e Data organization and discoverability . FireZt ore

e Layered storage (landing, cleansed, curated layer) e Bigtable

e BigQuery



Data can have different formats

Unstructured Structured
Storage/process data
= &t
0 Data type ‘
0 Business need © Documents @ Tables
A Images t Rows
Audio files Columns



Storage and database services

w Relational Non-relational
= S A @ A » =
=l = 2 > > & =

Cloud . Cloud : . .

Filestore Spanner AlloyDB Firestore Bigtable BigQuer Memorystore
Storage SQL P y 9 gQuery Yy
Good for: Good for: Good for: Good for: Good for: Good for: Good for: Good for: Good for:
Binary or Network Web RDBMS + Hybrid Hierarchical Heavy read Enterprise Automating
object data Attached frameworks scale, HA, transactional , mobile, + write, data complex
Storage HTAP and web events, warehouse Redis and
(NAS) analytical Memcached
processing tasks
Such as: Such as: Such as: Such as: Such as: Such as: Such as: Such.as: Such as:
Images, Latency CMS, User : User AdTech, Analytics, }

. L Machine ) : ; Enabling
media sensitive eCommerce metadata, learning profiles, financial, dashboards high
zervklng, workloads ::Adllfrln/h Generative game state loT availability,

ackups ariec Al failover,
patching

Google Cloud



Options for storing unstructured data

Object
Cloud Storage
I I Cannot directly edit

Bucket




Options for storing structured data

Structured

-

OLTP

Transactional
workload

Analytical
workload

OLAP

Local/regional
SQL scalability

High PostgreSQL
scalability

Global scalability

NoSQL

SQL

NoSQL

> W

¢

o~

\/ /4

Cloud SQL

AlloyDB

Cloud
Spanner

Firestore

BigQuery

Cloud

-~ Bigtable



Storage and database services

m Relational Non-relational
=l o P S .
== =7 Z ! :
Cloud . Cloud : . .
Filestore Spanner AlloyDB Firestore Bigtable BigQuer Memorystore
Storage SQL P y 9 gQuery Yy
Good for: Good for: Good for: Good for: Good for: Good for: Good for: Good for: Good for:
Binary or Network Web RDBMS + Hybrid Hierarchical Heavy read Enterprise Automating
object data Attached frameworks scale, HA, transactional , mobile, + write, data complex
Storage HTAP and web events, warehouse Redis and
(NAS) analytical Memcached
processing tasks
Such as: Such as: Such as: Such as: Such as: Such as: Such as: Such.as: Such as:
Images, Latency CMS, User : User AdTech, Analytics, }

. L Machine ) : ; Enabling
media sensitive eCommerce metadata, learning profiles, financial, dashboards high
zervklng, workloads ::Adllfrln/h Generative game state loT availability,

ackups ariec Al failover,
patching

Google Cloud



Spanner combines the benefits of relational }(‘
database structure with non-relational
horizontal scale

Spanner

e Virtually unlimited database

e powers planet-scale applications like Gmail, YouTube, and Google Ads
e Strong consistency (global)

e High availability

e Used for financial and inventory applications



Characteristics

Spanner

Relational DB

Non-Relational DB

Schema
SQL
Consistency
Availability
Scalability

Replication

Yes

Yes
Strong
High
Horizontal

Automatic

00000

Yes
Yes
Strong
Failover
Vertical

Configurable

00000

No

No
Eventual
High
Horizontal

Configurable

Google Cloud



Spanner

Google Cloud

Spanner:

The always-on,
virtually unlimited
scale database

oogle Cloud


http://www.youtube.com/watch?v=RunwI3gYLAE

Use Case

. Knowledge Graph

1
2. Recommendation Engine
3. Financial Fraud Detection

employee name: lzumi

City: “Chicago”
State: “IL”
office_code: 66

g

employee name: Rosario

member_of

user: “Maha_21"
name: “Mahan”

user: “lukealways”
name: “Luca”

purchased

ret“’neg

sku: “X3452-343-2123"
name: “road_bike_2024"

sku: “3452-xwa23"
name: “cycling_watch”

purchased
sku: “SK32567-17"
name: “cycling_shirt”
user: “Sasha32”
. Using collaborative filtering, recommend items for cross-sale name: “Sasha”

Skill: “ERP_Systems”

Department: “Accounting”
Team: 410

Department: “Finance”
Team: 453

City: “Seattle”
State: “WA”
office_code: 51

Entities associated with Lee

user: “Lee_24"
name: “Lee”

Credit card: “Visa”
Owned by: “Lee”
Balance: $142.50

Bank account: “123”
Bank: “Chase”
Owned by: “Lee”

W5

0 IP: 124.23.65.345
user: “alex234da2”

name: “Leigh”

Social Security: “999-99-9999"
Owned by: “Lee”

ey f¢

\aet!
‘lli%i"

Credit card: “Mastercard”

Owned by: “Leigh”
Balance: $10,000 $15,000 financial risk

Fraudulent
accounts

Credit card: “Visa”
Owned by: “Leigh”
Balance: $5,000



Use Case: Palo Alto



http://www.youtube.com/watch?v=qiVVCKEwF7w

Bigtable is a NoSQL big data database service

e Petabyte-scale

e Support high read/write throughput at sub-10ms latency
e Learns and adjusts to access patterns

e |deal for Ad Tech, Fintech, and loT

e Storage engine for ML applications

e Easy integration with open source big data tools

Bigtable



Intro to BigTable

Cloud Bigtable
Fundamentals

Intro to
BigTable

3 Google Cloud



http://www.youtube.com/watch?v=P4q4nqJAamo

Bigtable storage model

"follows" column family

gwashington

jadams 1
wmckinley 1

multiple versions

Google Cloud
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Data analytics lifecycle: Analyze

Ingest Process Store

Governance

Objective: Get insights from data.
This layer focuses on:
e  Query performance
e  Self-service analytics capability
e Insight reliability
e  Consistent metric definitions

Analyze Activate

Related Tools:

BigQuery
Looker
Looker Studio
Al Agents



Introduction to BigQuery



Q BigQuery Overview

Serverless multi-cloud enterprise data warehousing services can provide robust support for data-driven

innovative operations.

Real-time insights from batch or streaming data sources
Built-in ML for ready-to-use predictive functionality
Encrypted, durable, and highly available

Fully managed service for maximum agility

Storage and SQL querying from GB to PB scale

High-speed, in-memory Bl engine for faster reporting
and analysis

Google Cloud 8¢ tw-rd-de-data-solution v
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© RUN @) save ~

1 SELECT * FROM _tw-rd-de-data-solution.pubsub_bigquery.quickstart-events
Q
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Query results
>
JOB INFORMATION RESULTS JSON EXECUTION DETAILS EXECUTION GRAPH [EIER)
Row  userid user_name user_address platform
LS q] 41805  Bryce Gonzalez Jr 8319 Singh Place Suite 021 | T. Laptop
2 59225 Carol Ramirez 702 Williams Forges Suite 796 ... Laptop
3 23032 Robert Daniels 788 Glass Isle | Lake Henry | MC Laptop
P 4 40387 Michael Johnson 38238 Spencer Manors | East Laptop
5 25562  Diane Aguilar 98859 Moore Meadow | East C Laptop
L] 6 39955  Garrett Hutchinson 839 Ashley Views Apt. 092 | Ful. Laptop
B 7 66499 Karen Wallace 6131 Jacob Shoals | East Mira, Laptop
8 23856  Ryan Reid 02974 Bowman Grove Suite 51 Laptop
@ 9 60182 Heidi Oliver 19663 Clark Union | West Chris. Laptop
10 75083 Tami Sampson 249 Robert Fall | North Keith | TJ Laptop
n 40226 Kelly Smith 351 Johnson Lodge | Parksbur... Laptop
12 57507 Dana Clark 8857 Darren Estates Suite 407 .. Laptop
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BigQuery stores your data for analysis and reporting

Data Sources

Cloud Storage

Sensors OLTP

On-premises User activity
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Data lake

Extract,

Transform,

Load (ETL)

BigQuery

Data
warehouse

ML Model Training

Analysis and
reporting

Other teams’ data
warehouses



Scalability &

| Scales to your needs On-demand Performance
Process terabytes of data in Seconds

@ BQ_TB_performance_demo_bitcoin_mom_trans...

1 SELECT

2 block_timestamp_month,

3 count(*) as tranx_count,

4 ANY_VALUE(inputs), ANY_VALUE(outputs)

5 FROM “bigquery-public-data.crypto_bitcoin.transactions’ as transactions
. 6 group by block_timestamp_month

Query results

(~1 billion rows)

JOB INFORMATION RESULTS CHART JSON EXECUTION DETAIl
data processed in
Job ID sg-rd-sa-chenglong-wu:US bquxjob_186a4a7e_18ea82cclcc
User chenglong.wu@mile.cloud
Location us
Creation time Apr 4,2024,41427PM UTC+8
Start time Apr 4,2024, 414:27PM UTC+8
secs End time Apr 4,2024, 4:14:39PM UTC+8

Duration 11 sec
Bytes processed 1.61TB

translate to higher operational Dyses e 16778
Slot milliseconds 18649776

° ° Job priority INTERACTIVE
PrOﬁCIency Use legacy SQL false

Destination table Temporary table

Labels



Scalability &

| Why is BigQuery so fast and scalable? Performance

Google

-

Same proprietary technology that

is being used by Google internally, Coogeseach 1 Foctng ucky
which also used to power Google
Search, YouTube, Gmail, etc.

An innovation leader in applying data and Al to real-world situations

Search Translate Photos Gmail

Search ranking Text, graphic and ) Photos search Smart reply
Speech recognition speech translations Spam classification
AlphaGo YouTube

First Al to beat a world Video
Aislolidon b recommendations
Better thumbnails

Q@

Self Driving Car
208 miles driven

Smarter & Cleaner

- Infrastructure
2X more efficient

Decoupled compute and storage
cluster, which scales

independently.
Replicated, distributed storage Slgdery
(99.9999999999% durability)

High-available cluster compute

(Dremel)

Remote shuffle memory cluster to
speed up the queries

Distributed memory
shuffle tier

-«

Petabit network
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BigQuery Architecture



BigQuery | Architecture

Decoupled storage and compute

Q SQL: 2011

compliant

BigQuery

Replicated, distributed storage

High-available cluster compute

REST API

Streaming
ingest

Web UlI, CLI

Distributed memory
shuffle tier
Client
libraries
In seven
languages

CLECIEL:
{of Lok Lo
CLE L
{ok Lok Lo

Free bulk
loading Petabit network



BigQuery | Columnar Storage

Traditional RDBMS storage BigQuery storage

] Hi =
] @ =
] & =

Record-oriented storage Columnar storage

OLTP OLAP



BigQuery | Managed Storage

Table 3

Tables are stored in optimized
columnar format

Each table is compressed and
encrypted on disk

Storage is durable and each table
is replicated across data centers

Supports streaming ingestion



BigQuery | Remote Memory Shuffle

SELECT WHERE GROUP BY
Faster performance for state year... state COUNT(*)

complex queries

Join and aggregate more data

Better scalability Worker

Worker

Large shuffles may spill to disk

Distributed
storage




What is shuffle? - e oie T

The process of redistributing the

intermediate data that the slots have > .j
processed. @
e 2
*ve
° . @
> o > &

Google Cloud



Hadoop MapReduce

The overall MapReduce word count process

Input Splitting Mapping Shuffling Reducing Final result
Bear, 1 » Bear, 2
Deer, 1 » Bear, 1
Deer Bear River » Bear, 1
River, 1
Car, 1
Car, 1 » Car, 3 » Bear, 2
Deer Bear River Car, 1 Car, 1 Car, 3
Car Car River » Car Car River » Car, 1 Deer, 2
Deer Car Bear River, 1 River, 2
Deer, 1 » Deer, 2 -
Deer, 1
Deer, 1 ;
Deer Car Bear » Car, 1
Bear, 1 River, 1 » River, 2
River, 1

Reduce() will wait until map() is all finished. Pull mode approach.



BigQuery | Analytics in BigQuery are measured in slots

BigQuery slots
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Slots and shuffle ram are
independent of each other!

CPU +
RAM +
Network



BigQuery
Resource Hierarchy & Data Access Control



BigQuery resource hierarchy

e In Google Cloud, you create projects
o Projects have datasets
m Datasets have tables (and some other
objects) Tables

Project

Datasets

e Users are granted permissions to datasets

and/or tables

e The BigQuery service must be enabled within a

project to use it

o There is no need to provision a cluster or
create a database




In BigQuery, tables have a schemas

e The word “schema” is used differently in BigQuery
than it is in Snowflake
o In Snowflake, a schema is a collection of tables that
users can query

e In BigQuery, a schema describes the fields and data
types within a table

B flights Q QUERY ~ 2 SHARE M@ co

SCHEMA DETAILS PREVIEW
= Filter Enter property name or value
O Field name Type Mode
O date STRING NULLABLE
O  airline STRING NULLABLE
O airline_code STRING NULLABLE
D departure_airport STRING NULLABLE
D departure_state STRING NULLABLE
O departure_lat FLOAT NULLABLE
O  departure_lon FLOAT NULLABLE
O arrival_airport STRING NULLABLE
D arrival_state STRING NULLABLE
O arrival_lat FLOAT NULLABLE
O  arrival_lon FLOAT NULLABLE
O departure_schedule INTEGER NULLABLE

Google Cloud



Use Identity Access Management (IAM) to share
datasets, tables, or views

e Can share data at any level of the
project hierarchy

e Add one or more principals Project
o Emails |
o Groups | |
o Service accounts Dataset Dataset

e Assign a BigQuery data role | |

o BigQuery Data Viewer

o BigQuery Data Editor

o BigQuery Data Owner



Sharing datasets

e Click the action menu next to the dataset and select Share

e Add principal(s) and role(s)

v [£] animals_dataset
B dogs
Bd) pet_count_by_type
B pets
i:i small_pets
b [E] avro_wiki

[N 1 ~cv wili

X X X X

Open

Openin

Share

Add principals

Principals are users, groups, domains, or service ¢
in IAM

New principals
( rehnstrom@google.com €

Assign roles

Roles are composed of sets of permissions and d
with this resource. Learn more

Role *
( BigQuery Data Editor v

Access to edit all the contents of
datasets



You can make data pubilic if you like

e Add the principal allAuthenticatedUsers

e Assign the BigQuery Data Viewer role

Add principals

Principals are users, groups, domains, or service a
in IAM

New principals
‘, allAuthenticatedUsers €

Assign roles

Roles are composed of sets of permissions and d
with this resource. Learn more

Role *
‘, BigQuery Data Viewer v

Access to view datasets and all of their
contents



Row-level security allows access to specific rows in a
based on qualifying user conditions

e Added using a DDL statement

CREATE ROW ACCESS POLICY
dog_filter
ON
animals_dataset.pets
GRANT TO ('user:noir@example.com')
FILTER USING (type = 'Dog');

CREATE ROW ACCESS POLICY
cat_filter
ON
animals_dataset.pets
GRANT TO ('group:cat-people@example.com')
FILTER USING (type = 'Cat');



Column-level security can be done using authorized
views

e Suppose you want to make some columns in a table public, but keep other columns private

1. Create a second dataset and make it public Currently Authorized Views

2. Create a view in the public dataset that selects the
Columns you want to be pUb'IC Project ID Dataset ID Table ID

3. Add the view as an Authorized view in the private No rows to display

dataset o
Authorize view

Authorized View *
bigquery-demo-proj.public_animals.pets

ADD AUTHORIZATION

Google Cloud



Demo

BigQuery Studio

Querying External Data Sources or Public Datasets

Control access with Policy Tag

Building Pipelines in BigQuery - from low-code to coding method
Visualization & Business Intelligence with Looker & Looker Studio

AW -



Demo

BigQuery Studio

1. Querying External Data Sources or Public Datasets

2.  Control access with Row Policy, Authorized View, & Policy Tag
3. Building Pipelines in BigQuery - from low-code to coding method
4.  Visualization & Business Intelligence with Looker & Looker Studio




Your data isn’t stored in BigQuery?
You can still query it!

| AN
datE: tsec:lr:races l I E Tv |
Yes I I N 4
N

Execution

Q Engine is Cloud Storage Google Sheets Bigtable
BigQuery?

Federated
queries Cloud SQL Cloud Spanner



Yes

Execution
External data @ Engine is
BigQuery?

No

Use

External data sources connection?
(BQ engine)

Federated queries
(DB engine)

Yes
O

No
@

BigLake Table
(service account access)

Non-BigLake Table
(direct user access)



Your data isn’t stored in BigQuery?
You can still query it!

External
data sources

Cloud Storage

BigLake Tables | Object Tables |
Non-BigLake Tables

Federated
queries

o

Z

Cloud SQL

N/
II=
N7
Google Sheets Bigtable
Non-BigLake Tables Non-BigLake Tables

Cloud Spanner

10
01

Amazon S3

S3/Azure Storage

BigLake Tables



Query data directly from Google
Sheets in BigQuery

SCHEMA DETAILS LINEAGE
# Query the Google Sheets table
Table Info SELECT ...
FROM
Table ID your-project-id.sheets.sheets_table

‘your-project-id.sheets.sheets_table;

External Data Configuration a No query cost estimation, table preview, or
query caching available.

https://docs.google.com/spreadsheets
Source URI(s) /o e Performance is slower than querying a

permanent table in BigQuery.

Source format GOOGLE_SHEETS



A BigLake table behaves the same
way as a permanent table

SCHEMA DETAILS LINEAGE # Query the Biglake table
SELECT ...
FROM
Table Info

Table ID your-project-id.biglake.csv_table "your-project-id.biglake.csv_table;

° Use BiglLake if loading data into BigQuery

External Data Conﬁguration isn’t an option for your use case.

0 Queries are performant due to metadata
caching.

Source URI(s) gs://your-bucket/your_file.csv

g No query cost estimation or table preview.



Query your data directly from your

data lake using BigLake tables

D_ Userquery — |

Managed storage
Permanent
table

External connection

BigLake

m table

Data Lake

Cloud
Storage

Amazon
S3

Cross-cloud
object storage

Supported formats:

Avro

CSV

Delta Lake
lceberg
JSON
ORC
Parquet



Create table

Source

Create table

Source

Create table from
Google Cloud Storage

Create table from
( Google Cloud Storage

Select file from GCS bucket or use a URI pattern & *
{ paggie-bucket/test.csv

File format
{ Ccsv

FI e format

[C] Source Data Partitioning

Destination

Select file from GCS bucket or use a URI pattern 2 *
[ paggie-bucket/test.csv

( csv

Project *
{ paggie-svc-project

Dataset *
{ paggie_ml

Table *
( demo_gcs_external_table

Maximum name size is 1,024 UTF-8 bytes. Unicode letters, marks, numbers, connectors, dashes, and spaces are allowed.

|- Table type
External table

[C] Source Data Partitioning

Destination

Project *
[ paggie-svc-project

Dataset *
[ paggie_ml

Table *

{ demo_gcs_biglake_table

Maximum name size is 1,024 UTF-8 bytes. Unicode letters, marks, numbers, connectors, dashes, and spaces are allowed.

@  Regional / dual region GCS buckets are recommended for External table.

l [:l Create a BigLake table using a Cloud resource connection |

Schema

Auto detect

External table

[ Table type

©  Regional / dual region GCS buckets are recommended for External table.

Create a BigLake table using a Cloud resource connection

Connection ID *
[ asia-east1.demo_biglake_connection




BiglLake Table (Creation)

Create a BiglLake table using a Cloud reg

~ Connection ID *
asia-east1.demo_biglake_connection

Schema

Create table Cancel

You are missing permissions and may need to talk to your
administrator. Original error message: Failed to create table:
Access Denied: BigQuery BigQuery: Permission denied while
globbing file pattern. bgex-304589458397-bade@gcp-sa-
bigquery-condel.iam.gserviceaccount.com does not have

storage.objects.get access to the Google Cloud Storage object.
Permission 'storage.objects.get’ denied on resource (or it may
not exist). Please make sure gs://paggie-bucket/test.csv is
accessible via appropriate IAM roles, e.g. Storage Object Viewer
or Storage Object Creator.

access in GCS

Grant BQ Service Account

Grant access to "paggie-bucket”

Grant principals access to this resource and add roles to specify what actions the
principals can take. Optionally, add conditions to grant access to principals only
when a specific criteria is met. Learn more about IAM conditions &

Resource

@ paggie-bucket

Add principals
Principals are users, groups, domains, or service accounts. Learn more about
principals in IAM (2

~ New principals *
bqcx-304589458397-bade@gcp-sa-bigquery-
condel.iam.gserviceaccount.com ®

Assign roles
Roles are composed of sets of permissions and determine what the principal can

do with this resource. Learn more (4

Role * 1AM condition (optional) (2)
( Storage Object Viewer v IAM conditions disabled

Grants access to view objects and
their metadata, excluding ACLs. Can
also list the objects in a bucket.

+ Add another role

Cancel



Non-BiglLake Table

$°® paggie-svc-project / Datasets / paggie_ml / Tables /demo_gcs_external_table

Y¢ demo_gcs_external_table Q Query  Openin~ +2 Share ~ W Delete

Schema Details Insights Lineage Data Profile Data Quality

4+, Generate table and column descriptions with Gemini. Ensure a profile scan to ground the ¢

= Filter Enter property name or value

O Field name Type Mode Description Key Collation Defa
a first_name STRING NULLABLE - - -

(| last_name STRING NULLABLE - - - -

d gender STRING NULLABLE - - - -

a age INTEGER NULLABLE

Edit schema

Task: Find the difference

BigLake Table

o paggie-svc-project / Datasets / paggie_ml / Tables /demo_gcs_biglake_table

¥ demo_gcs_biglake_table Biglake ~ Q Query  Openin ~ 2

Schema Details Insights Lineage Data Profile Data Quality

¢ Generate table and column descriptions with Gemini. Ensure a profile sca

= Filter Enter property name or value

O Field name Type Mode Description Key
O first_name STRING NULLABLE
D last_name STRING NULLABLE
D gender STRING NULLABLE
D age INTEGER NULLABLE

Edit schema 1 View row access policies




Demo

BigQuery Studio

Querying External Data Sources or Public Datasets
Control access with Row Policy, Authorized View, & Policy Tag

1

2.

3. Building Pipelines in BigQuery - from low-code to coding method
4.  Visualization & Business Intelligence with Looker & Looker Studio



Masking Rules

Choose a masking rule, then select principals that the rule would apply to.

Data Policy Name 1 Masking Rule 1
sha256 [
T Filter Type to filter
Presets
datapolicy.maskedReader
Date Year Mask e list of principals.
Default Masking Value
+ Add Rule
Email Mask
Carical First Four Characters
Hash (SHA256)
Last Four Characters
Nullify




Demo

BigQuery Studio

Querying External Data Sources or Public Datasets
Control access with Row Policy, Authorized View, & Policy Tag

1

2.

3. Building Pipelines in BigQuery - from low-code to code method
4.  Visualization & Business Intelligence with Looker & Looker Studio
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Google Cloud paggie-sve-project

[ Search (/) for resources, docs, products, and more
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@ Data Canvas Overview

Welcome to Data Canvas!

E order_items
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4 Ask canvas assistant

£ Canvas Settings

& Export As Notebook &, Download

E users

O
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F Filter Enter property name of value @ T Filter  Enter property name of value
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1 were
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f >
= Go gle Cloud e® paggie-svc-project Search (/) for resources, docs, products, and more Q Search * : w
.|,‘ BigQuery v & paggie Code Compiled graph Executions Start execution v 4 Ask Agent & Compiled ® Learn
Ij! Overview Files + ¥ <l @ - Efirstvi.. qlx + X *=Esecond..qlx + X <l
[B Studio . . g sy s 5 x
Commit:4.changes : definitions/first_view.sqlx ORun  plFormat @
Agents i
® g 1 config {
" " . 2 type: "view",
Pipelines & Integration ~ Q Type to search ® - ngumns: y
= Data transfers : ‘ test: "A description for the test column”,
I3
" -
s Dataform v definitions 57, }
*first_view.sqlx o £ i
@® Scheduled queries I 8 The rest of a SQLX file contains your SELECT statement used to create the table.
*second_view.sqlx 9
i . 18 SELECT 1 as test
= Scheduling . —
» includes VALl
Governance ~ * gitignore
@& Sharing (Analytics Hub) *workflow_settings.yaml

& Policy tags



Demo

BigQuery Studio

1.
2.
3.
4.

Querying External Data Sources or Public Datasets

Control access with Row Policy, Authorized View, & Policy Tag
Building Pipelines in BigQuery - from low-code to code method
Visualization & Business Intelligence with Looker & Looke

(Q



Data analytics lifecycle: Analyze

Looker & e . .
. Unified Business Intelligence platform
Looker Studio < &
C The Looker family (Looker, Looker Studio)
)

Supports modeling (LookML)

O

Easy integration and connection



6 Looker

Target Segment Description  Product Matches

s 90s punk rock is 500 c O

Product Segment
I've identified the top 500 matched products for '90s punk rock. Let's see the top trending brands globaly:

Paul Feani "

" Metal Mulishaaonoms- ou __ - K >
Hot Topic | -

True Religion Rock Revival #B R
I Explore 184 Matched Brands I rEwlon 471 Matched Products ]
A0 CPROMEey 36722K This product segment is forecasted to eam $446.3K in the next 6 months.

6% of $10.8M last year's revenue

Powered by & Locker




(o]

O

O Looker Studio

Bromnes T

Cost Clicks Impressions Sessions CPC Transactions Revenue ROAS
$552.84K 2.0M 103.4M 8.2M $0.3 97.7K $13.35M $24.15
124% 14.7% +4.8% 16.36% 3-2.2% 16.2% +4.5% +2.0%
L
Transactions by market . Cost Tansaeiions

250K
200K
» ; & 150K
100K
. .
0
United Kingdom Germany United States France
15133 | 32,785
Revenue by market | Market Cost ~ Clicks Impressions Transactions Revenue
How to use this dashboard
United Kingdom $202,750.91 678875 34,281,949 32785 $4914344.21
1. Make a copy of this report Germany $147,146.39 544212 27,719,551 25970 $3,616,223.89
2. Select Funnel from the community connectors United States $115,507.27 490,058 25,353,206 23,849 $2,744,051.78
® United Kingdom
3. Copy/Paste the account ID and AP token from ® Germany France $87,342.61 314982 16,054,944 15133 $2,074,747.18
Funnel © United States
France
4. Connect the data source to the copied report Grand total $552,837.18 2,028,127 103,409,740 97,737 $13,349,367.05
1-4/4 ¢ >
Abcut Fonml i ° | Transactions by market Channel Cost v Clicks Impressions Transactions Revenue
. Google $191,244.79 917,049 16195353 54391 $7,490,198.46
Funnel is a marketing solution built to save you
time and make it easier for you to understand your Facebook $110,956.99 193942 57,846,707 1,233 $169,330.92
performance across all your marketing channels.
Bing $95,653.92 495,004 5,673,584 9,465 $1476,305.61
With integrations to over 450 marketing platforms @ United Kingdom
i muitgw e ts ool s a%g s ey PriceRunner $65,595.4 267,173 null 5793 $1,033073.7
g , © United States
you :"’“O‘u':i;’:‘;"‘Z‘inat‘:“zvg'e"gp::‘?:gge‘ the most Frence Tune Network $32477.62 46952 374289 914 $106211.8
y jinni
Grand total $552,837.18 2,028,127 103,409,740 97,737 $13,349,367.05
| 1-5/11 ¢ )



Looker Studio (editor mode)

SE Ranking Dashboard for SEO managers and decision-makers [Looker Studio] [...

Insert Resource Help

& Page3of12 —> E Add data

File Edit View

X -
Y ==

Page Arrange

+ Add quick filter

W5 Add achart ~

ot .
oo

Oct 1, 2024 - Oct 28, 2024

=+ Add a control ~

’, SE Ranking  oota source on page: Gas
§ oetouroma N .
.lﬁ Click to select Google Analytics « lewjreturning - ountry
Sessions Engaged sessions P Revenue
233,698 219,816 S0

1 42.5% from previous 28 days 1 43.1% from previous 28 days N/A from previous 28 days

Which traffic channel groups are generating the most sessions to the website?

Default channel groups for your visitors over the past 12 months | Default channel group by session for past 12 months

W Oiect cross-network [l Paid Search [l Organic Search Referral [l Unassigned
I Mobie Push Notifications [l Organic Video Organic Social
300¢
200¢
- ﬁ =
100K =
._-_._-_-_-_._-_._.
o
0ct206  Sep2024 02023 AuR20M4  JI2024  Jun2020  Nov2023  May2026  Dec2023  Jan2024

How is your website traffic concentrated - geographically and per section?

Most popular country loeation of your visitors | Country origin by Sessions, purchase revenue

Country Sessions v Purchase revenue  Event name
Bangladesh 62,688 S0 session_start
Pakistan 33,860 S0 screen view
India 29,924 S0 user_engagement
United States 2746 S0 select_content
Philppines 15,088 S0 inotset)

defoult data period is last 28 days

Default channel group

Bounce rate

6%

4 -6.8% from previous 28 days

Default channel group
Oirect

Cross-network

Paid Search

Organic Search

Referral

Unassigned

Mobile Push Notifications
Organic Video

Organic Social

Most popular page category | Page category by Sessions, purchase revenue

Sessions v
224558
217,489
205,807
124855

92192

Sessions v

02
2521
9,382
5245
539

130

1-9/9

Purchase revenue

s0

<> &~

Theme and Layout

Theme and layout

AN-0O-

THEME LAYOUT
Current Theme i
Custom Customize

Custom

Text

Custom

Default

Text

Extract theme from image
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LookML - Define the dimensions & measures

e_thelook

=

®

File Browser = Q

» explores

» models

v views
distribution_centers.view
events.view
inventory_items.view
order_facts.view

order_history.view

order_items.view

products.view
user_with_age_extension.view

users.view

B B 8 B a8 8 g 8 8

users_extended.view

2 dev-erin-docs-dpzt personal branch

83
84~
85
86
87
88
89~
90
91
92
93
94
95~
96
97
98
99
100 ~
101
102
103
104

& NoErrors {v) @

order_items.view «

dimension: status { h |
type: string ) )
sql: ${TABLE}.status ;; dimensions

}

dimension: user_id {
type: number
# hidden: yes

sql: ${TABLE}.user_id ;;

- |
measure: count {
type: count
drill_fields: [detail*] measures

}

measure: wholesale_value {
type: number
sql: (${TABLE}.sale_price * 0.60) ;:

1
)
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The Data Analytics Lifecycle Overview

Ingest

Process

Store

Analyze

Introduction to BigQuery

Querying External Data Sources or Public Datasets Demo

Control access with Policy Tag Demo

Building Pipelines in BigQuery - from low-code to coding method Demo
Visualization & Business Intelligence with Looker & Looker Studio Demo
Derive insights from your data in BigQuery (Agent, Gemini Enterprise) Demo

Activate
Introduction Al on Google Cloud
BigQuery ML Demo

Governance




Data analytics lifecycle

Ingest Process Store Analyze Activate
Governance
Objective: Leverage Al to make data-driven decision Related Tools:
This layer focuses on: e Vertex Al custom

model or AutoML

e ML and prediction serving BiaQ ML
° igQuery

e Automation and decision triggering
e Feedback loops for continuous improvement



Data analytics lifecycle: Analyze

Agent Conversational Analytics

BigQuery Agent

Gemini App / Gemini Enterprise

Google Workspace with Gemini
(Google Sheets)



= Google Cloud $* paggie-svc-project Search (/) for resources, docs, products, and more I Q_ search 4 & : ”
B I g Q u e ry @ Conversations Agent Catalog
ﬁ t What questions can | ask about this data?
g = ¢ Details 1>
F
> Here's the query result for Top Brands Men Revenue. Agent
® .
brand total_revenue ' The Look Ecommerce :
= 8 voicom 8U,838
5 Description
lumbi
¢ Columbia 74895 You are a sample agent that has insights to the
& looks ecommerce dataset. Advanced analytics is
10 T North Face 72,037
not enabled for you.
é v
. <+ New conversation View config
B
Top 10 Brands by Total Revenue (Men's Department) Chart:  Table Knowledge sources
Diesel - B events
o Carhartt
() I Calvin Klein B order_items
True Religion
= T 7 For Al Mankind B products
©
5 T Hilf
8 & ommy Hilfiger B users
Quiksilver
e] Voleom
Columbia Labels
o The North Face -
. 0 20,000 40,000 60,000 80,000 | 100000 | 120000 ' 140,000 = 160000 180,000
Total Revenue
o]
X
= Ask a question 4 @ Thinking v

View best practices for better answers. The responses from Conversational Analytics in BigQuery may not be complete or accurate. Learn more




Gemini Enterprise

8
:

summarize the marketing data using the marketing datastore

Show thinking v

Hello Paggie,

Of course, | can help you with that. Here is a summary of the marketing data from the marketing

datastore.

Social Media Campaigns B

Platform

Instagram
Instagram
Facebook
Facebook

Twitter

Campaign

Reels Ad - Cookie Baking

Stories Flash Sale - Sugar Cookies
Spring Cookie Promotion

Website Visitor Retargeting

Oatmeal Raisin Cookies Ad

[ Export to Sheets

Email Marketing =

Campaign

March Newsletter - New Brownies

® Ask a follow-up

+ %

8 20f9

Conversions

110

70

65

45

25

Conversions

90

Spend
$112.90
$62.15
$385.50
$180.90
$88.40

0o &

Spend

$45.20

Auto v

Generative Al may display inaccurate information, including about people, so double-check its responses.



Google Workspace with Gemini

[Demo] Geminiin Google Sheet # & &

File

Edit View Insert Format Data Tools Gemini Extensions Help

QA 6 ¢ & § 100%

A35 -

fic -122.21

A

1 longitu

de
-122.23
-122.22
-122.24
-122.25
-122.25
-122.25
-122.25
-122.25
-122.26
-122.25
-122.26
-122.26
-122.26
-122.26
-122.26
-122.26
-122.27
-122.27
-122.26
-122.27
-122.27
-122.27
-122.27
-122.27
-122.27
-122.28
-122.28
-122.28
-122.28
-122.28
-122.28
-122.28

latitude
37.88
37.86
37.85
37.85
37.85
37.85
37.84
37.84
37.84
37.84
37.85
37.85
37.85
37.84
37.85
37.85
37.85
37.85
37.84
37.84
37.85
37.85
37.84
37.84
37.84
37.85
37.85
37.85
37.84
37.84
37.84
37.84

README ~

-

[ ]

housing_median_age total_rooms total_|

41
21
52
52
52
52
52
52
42
52
52
52
52
52
52
50
52
52
50
52
40
42
52
52
52
41
49
52
50
52
49
52

1. California Housing Prices ~

= $ % 0 00 123 Defaul... ~ -

10 | +
3

880 129 322 126
7099 1106 2401 1138
1467 190 496 177
1274 235 558 219
1627 280 565 259
919 213 413 193
2535 489 1094 514
3104 687 1157 647
2555 665 1206 595
3549 707 1551 714
2202 434 910 402
3503 752 1504 734
2491 474 1098 468
696 191 345 174
2643 626 1212 620
1120 283 697 264
1966 347 793 331
1228 293 648 303
2239 455 990 419
1503 298 690 275

751 184 409 166
1639 367 929 366
2436 541 1015 478
1688 337 853 325
2224 437 1006 422

535 123 317 119
1130 244 607 239
1898 421 1102 397
2082 492 131 473

729 160 395 155
1916 447 863 378
2153 481 1168 441

Insights ~

Gemini

Generate insights or trends for
this data

+

v Analysis steps

Median House Value vs. Median Income

Median House Value

Median Income (in $10,000s)

K Incart @ Praview ©
Ask Gemini
B~ %

Gemini in Workspace can make mistakes. Learn more

[Chart1] Median House Value by Ocean Proximity * 2. BBC news ~

E

Gemini

v Analysis steps

Create a column chart of the median
median_house_value grouped by
ocean_proximity to compare location-
based pricing.

Median House Value by Ocean Proximity

Median House Value ($)

500000

400000

300000

200000

100000

0 —
ISLAND

NEAR BAY NEAR <1H OCEAN  INLAND
OCEAN

Ocean Proximity



Options for ML models on Google Cloud

| 0N Y
- -
-[]: g oo
@ 4 A < il
b AutoML
. Cloud Vision APl Speech-to-Text Video
Cloud TPUs Compute Engine Translation API API Intelligence API
®, : 0905 = [ ]
P g A -
Dataproc Google Kubernetes Data !_oss Text-to-Speech Cloud Natural
Engine A Prevention API API Language API
° H [ ]
2!
o0
7
Vertex Al BigQuery ML Dialogflow

Sille Cusien eeE Ellel Clusiem el Call a Pretrained Model
(codeless)

Google Cloud



For common ML tasks, consider pretrained APls

YA O |I|I| |

Cloud Vision APl Speech-to-Text Video
Translation API API Intelligence API

o = [=]

Data Loss Text-to-Speech Cloud Natural
Prevention API API Language API

~

Y

Dialogflow

Call a Pretrained Model

Google Cloud



Most business data is unstructured data, and mainly text

Text
Messaging Email Video

Collaboration l
Chat - Comments
Data outside of a database
Meetings Q [ without a predefined data ﬂé Logs
Conferencing
ﬁ

model.
Articles and
ﬁ

publications
Presentations Documents PDFs
Most Web pages

spreadsheets

Text and code

Google Cloud



You process unstructured data by labeling it with Al

MOO oL
3=1:=1-
ERECN=

[=]

Cloud Natural
Language API

Images Audio ‘ ‘ Video ‘

%Eﬂ:ﬂ

< | | 23

Video Intelligence
API

l Vision API Speech-to-Text

Google Cloud



Demo: Cloud Natural Language API

Use cases:

Entity Analysis
Sentiment Analysis
Moderation

Content Classification

Basic Example: Natural Language Al

Entities Sentiment Moderation

Document and Sentence Level Sentiment

Entire Document

Categories

Score Magnitude

0.422 0.981

Google, headquartered in Mountain View (1600 Amphitheatre Pkwy, Mountain View, CA 0.066
940430), unveiled the new Android phone for $799 at the Consumer Electronic Show. :

Sundar Pichai said in his keynote that users love their new Android phones.

0.779 0.825

Score Range 0.25—-1.0 -0.25 —0.25 -1.0 —-0.25

Positive  Neutral

Negative

Google, headquartered in Mountain View unveiled the new Android phone for $799 O RESET
at the Consumer Electronic Show. Sundar Pichai said in his keynote that users love

their new Android phones.

See supported languages

Entities

Sentiment

Syntax

Categories

(Google)q , headquartered in (Mountain View)g unveiled the new (Android)4 (phone)s for (§799)19 (79917 at the

(Consumer Electronic Show)7 . (Sundar Pichai)s said in his (keynote)q that (users); love their new (Android)4

PERSON

LOCATION

(phones)g .
ORGANIZATION PERSON
1. Google 2. users
Wikipedia Article Salience: 0.15
Salience: 0.26
CONSUMER GOOD CONSUMER GOOD
N | consucrcooo [N [ consumraooo |
Salience: 0.13 Wikipedia Article
Salience: 0.12

5. Sundar Pichai
Wikipedia Article
Salience: 0.11

6. Mountain View
Wikipedia Article
Salience: 0.10

Google Cloud


https://cloud.google.com/natural-language?hl=en#:~:text=Natural%20Language%20API%20demo

Sentiment analysis labels feelings in text

||||||||||||||||||||||||||

Negative

Positive

Magnitude

Sentiment



Demo: Document API

Use cases:

e  Extract data from documents (digitize)

e Summarize documents
e  Classify documents

Basic Example: Document Al | Google Cloud

CLIENT

Developer

Upload documents

Google Cloud project

Example Architecture: Generative Al Document Summarization.

A

FRONTEND
4

Cloud Storage =
Storage for documents

Eventarc 7]
Trigger

MIDDLE TIER °

Event

Cloud Functions )
Webhook

gRPC

° DATABASES & BLOB STORAGE ° °

BigQuery @ ’ Cloud Storage

Docs summaries table

=
Storage for tuning dataset ‘

Gemini to create summaries

Al SERVICES
Document Al [L
Optical character recognition
o Vertex Al

rogle (

oud



https://cloud.google.com/document-ai?hl=en#:~:text=Try%20Document%20AI%20in%20your%20environment
https://console.cloud.google.com/products/solutions/details/aiml-image-processing-on-cloud-functions?hl=en_US&project=paggie-svc-project

Demo: Vision API

Use cases:

e image recognition and classification

Basic Example: Vision Al: Image and visual Al tools | Google Cloud
Example Architecture: Al/ML Image Processing on Cloud Functions.

USER

]
Computer

Google Cloud Project

Z

REST API

IMAGE PROCESSING

Cloud Functions

¢

Cloud Vision

BATCH UPLOAD

‘ Cloud Storage —]

¢

Cloud Functions ()

¢

Cloud Storage —]

Google Cloud



https://cloud.google.com/vision?hl=en#:~:text=See%20how%20computer%20vision%20works%20with%20your%20own%20files
https://console.cloud.google.com/products/solutions/details/aiml-image-processing-on-cloud-functions?hl=en_US&project=paggie-svc-project

Create and deploy custom models with Vertex Al AutoML

Vertex Al
AutoML

')
.
A= e

Build Custom Model

(codeless)

Google Cloud



Data analytics lifecycle: Activate

Vertex Al

(i

Unified Al development platform

Vertex Al Studio for Generative Al

Supports end-to-end ML lifecycle

Dataset, Model development, Deployment

Two training mode: Custom, AutoML



Training high-quality, custom ML models requires a lot of
effort and expertise

R, v (“sp)d

| /;bf(z)djx - F®-F (q)

Google Cloud



Data analytics lifecycle: Activate

Auto ML ° High-quality custom model with minimal effort

0 Supports various types of models

( Data type Supported Objectives

Image data Classification, Object detection

Action recognition, classification, object

Video data tracking

Classification, Entity extraction, Sentiment

Text data .
analysis




AutoML follows a standard procedure that is divided into
train, deploy, and serve phases

Deploy

Dataset preparation Manage Predict
Readiness analysis Classify
Train

Test and evaluate

Google Cloud



AutoML uses a Prepared Dataset to train a Custom Model

TRAIN .
VALIDATION optional
TEST column

T

Labels Source Files

Google Cloud



AutoML performs basic checks and a preliminary analysis of
the Prepared Dataset to determine if there is enough
information and if it is properly organized

Trained Custom
Model

Prepared
Dataset

Start Training

Google Cloud



Deploy
your
model

W

Go gle Cloud &* cloud-training-demos ¥ ] [ Search (/) for resources, docs, products, &

& clouds > Version1 v [E]VIEW DATASET & EXPORT

EVALUATE DEPLOY & TEST BATCH PREDICT VERSION DETAILS

Deploy your model

Endpoints are machine learning models made available for online prediction requests. Endpoints
are useful for timely predictions from many users (for example, in response to an application
request). You can also request batch predictions if you don't need immediate results.

DEPLOY TO ENDPOINT

Name ID Status Models Deployment resource pool
clouds- 7938221064868331520 . Deploying model 0 =
endpoint

Test your model

Your model must be successfully deployed to an endpoint before you can
testit.

UPLOAD IMAGE

Google Cloud



Make predictions

Batch prediction

Online prediction

e Allows you to make many prediction
requests at once.

e s asynchronous.

e Deploy your model to make it available

for prediction requests using a REST
API.

Is synchronous (the model will quickly
return a prediction, but only accepts
one prediction request per API call).

This is useful if parts of your system
are dependent on a quick prediction
turnaround.

Google Cloud



Demo: AutoML

= Go gleCIoud o* paggie-svc-project H Search (/) for resources, docs, products, and more ‘O\Search} § [} @ @ H ”
< animal_dataset animal_dataset_icn ~ Train new model H
1. Prepare the dataset and
. ; Import Browse Analyze Lineage
assign labels o —
Y Labels IK Images <l
’0
‘ All 202 = Filter Enter label or property name =
h Labeled 202
#  Unlabeled 0 [ selectal
= Filter +
h
cat 101
=3
dog 101
=)
Q Add new label
R
Q
olo
=
=
[y
31
1> rat
loud.google. i i 184 i i i i i purvi j izationld, folder

Google Cloud



Demo: AutoML

2. Train the model

Proprietary + Confidential

Train new model
@ Training method
@ Model details

@ Training options

@ Compute and pricing

Start training Cancel

Dataset
animal_dataset v

Annotation set
animal_dataset_icn W

Objective
Image cla

ation (Single-label)

Please refer to the pricing guide for more details (and available deployment
options) for each method.

Model training method

@® AutoML

Train high-quality models with minimal effort and machine learning expertise. Just specify

how long you want to train. Learn more (2

O Custom training (advanced)

Run your TensorFlow, scikit-learn, and XGBoost training applications i the cloud. Train

with one of Google Cloud's pre-built containers or use your own. Learn more (2

Choose where to use the model = Google Cloud o paggie-svc-project ] [ Search (/) for resources, docs, products, and more
@® Cloud \/ Vertex Al ¥ & animal_model [ View training dataset

Deploy to an endpoint for online inferences orf -~y vvurnwercr
QO Edge Model development -~

Export for on-prem and on-device use. Typical
© Feature Store

[l Datasets

@

Training

A Experiments

Metadata

% Ray on Vertex Al
Deploy and use

®  Model Registry
(#) Endpoints

@ Batch Inference
@i Monitoring

& GetAPlkey

I Provisioned Throughput
o Pipelines
.

Tutorials

@  Training began at Feb 15, 2026, 2:55:01 PM and is still in progress.

Status Training
Training pipeline ID 7531335156238385152
Created Feb 15,2026, 2:54:33PM
Start time Feb 15,2026, 2:55:01 PM
Budget (original) 8 node hours
Elapsed time 1 min 19 sec
Region us-centrall
Encryption type Google-managed
-~ Dataset animal_dataset
Annotation set animal_dataset_icn
Data split Randomly assigned (80/10/10)
Objective Image classification (Single-label)




Demo: AutoML

3. Deploy and test the model

& animal_model > Version1 ~

Evaluate Deploy & test Batch infer
Deploy to endpo
Name ID
(®  animal.model  732326421145321472

Test your model
O -

[ View dataset

Version details Lineage
Status Models Deployment resource pool Region Monitoring Most recent monitoring jok
@ Active 0 = us- Disabled -
centrall
= Filter Filter labels
cat -

dog

0.003
0.997



BigQuery ML is a way to build custom models

£ =

Cloud TPUs Compute Engine

W A

Dataproc Google Kubernetes
Engine
[ d
o i ]
Vertex Al BigQuery ML

Build a Custom Model

Google Cloud



Working with BigQuery ML - Train your own model

FROM
ML .EVALUATE (MODEL
“bgml_tutorial.sample_model’,
TABLE eval_table)

0 Dataset e Create/train e Evaluate Predict/classify

T /\

CREATE MODEL "bgml_tutorial.sample_model’ FROM
OPTIONS(model_type='logistic_reg') AS ML .PREDICT (MODEL
SELECT “bgml_tutorial.sample_model"
table game_to_predict) ) AS
predict

Google Cloud



Demo BQML-Predict NYC taxi fares using BQML

In this demo, we'll build a model to predict taxi fares in NYC using one of
BigQuery's public datasets nyc-tic.yellow.trips.

Category Key Columns Description

Time pickup_datetime, dropoff_datetime The precise date and time when the meter was engaged and
disengaged.

Location pickup_longitude, pickup_latitude / The longitude/latitude (older data) or TLC Taxicab Boundary Zone

PULocationID (newer data) where the trip began/ended.

Fare fare_amount, tip_amount, tolls_amount The cost components: base fare, credit card tips, and bridge/tunnel
tolls.

Trip passenger_count, trip_distance The number of passengers (driver-entered) and the elapsed trip

Details distance reported by the taximeter.

Payment payment_type A numeric code signifying how the passenger paid (e.g., 1=Credit

Card, 2=Cash).




#standardSQL
create or replace table 'taxi.taxi3eek' as
WITH taxi_preproc AS (

SELECT
Del I lo BQ M L ABS (MOD (FARM_FINGERPRINT (STRING (pickup_datetime)), 10000)) AS dataset,

(tolls_amount + fare_amount) AS fare_amount,
pickup_datetime,
EXTRACT (DAYOFWEEK FROM pickup_datetime) AS dayofweek,
EXTRACT(HOUR FROM pickup_datetime) AS hourofday,
pickup_longitude AS pickuplon,
pickup_latitude AS pickuplat,
1 Create dataset dropoff_longitude AS dropofflon,
* dropoff_latitude AS dropofflat,
passenger_count
FROM
“nyc-tlc.yellow.trips"®
WHERE
trip_distance > @
AND fare_amount >= 2.5
AND fare_amount < 200
AND pickup_longitude > -78
AND pickup_longitude < -70
AND dropoff_longitude > -78
AND dropoff_longitude < -70
AND pickup_latitude > 37
AND pickup_latitude < 45
AND dropoff_latitude > 37
AND dropoff_latitude < 45
AND passenger_count > @
AND ABS (MOD ( FARM_FINGERPRINT (STRING(pickup_datetime)), 10000)) < 3
)
SELECT
dataset,
fare_amount,
pickup_datetime,
hourofday,
dayofweek,
CAST(dayofweek * 24 + hourofday AS STRING) AS dayhour,
pickuplon,
pickuplat,
dropofflon,
dropofflat,
SQRT(POW( (pickuplon - dropofflon),2) + POW(( pickuplat - dropofflat), 2)) AS dist,
#Euclidean distance between pickup and drop off
pickuplon — dropofflon AS londiff,
pickuplat — dropofflat AS latdiff,
passenger_count
FROM taxi_preproc .
WHERE dataset < 3 Google Cloud

S



Demo BQML

CREATE OR REPLACE MODEL
. taxi.taxifare_dnn OPTIONS (model_type='dnn_regressor',
2. Create/train model hidden_units=[144, 89, 551,
labels=['fare_amount']) AS
SELECT
fare_amount,
hourofday,
dayofweek,
pickuplon,
pickuplat,
dropofflon,
dropofflat,
passenger_count
FROM
“taxi.taxi3eek"
WHERE
dataset = 0;



Demo BQML

3. Evaluation

:0 paggie-svc-project / Datasets / demo_bq

Y taxifare_dnn C Refresh
Details Training metrics Evaluation
Mean absolute error 2.5286

Mean squared error 14.7226

Mean squared log 0.0813
error
Median absolute 2.0137
error

R squared 0.8204

Metric Definition & Meaning

Mean The average of the absolute differences between the predicted
absolute fare and the actual fare. On average, your predictions are off by
error (MAE) $2.53.

Mean The average of the squared differences. Because it squares the
squared error, it penalizes large outliers more heavily than MAE.

error (MSE)

Mean Measures the relative error between the log of the predicted and

squared log
error

actual values. It is useful when the target values have a wide
range.

Median The median of all error magnitudes. 50% of your predictions have
absolute an error of less than $2.01. It is more robust to outliers than MAE.
error

R squared The "Coefficient of Determination"”. It indicates that 82.04% of

the variance in the taxi fare is explained by your model. Closer to
1.0 is better.




Demo BQML SELECT

fare_amount,
predicted_fare_amount,

hourofday,
. dayofweek,
4. Predict pickuplon,
pickuplat,
4p 1 SELECT dropofflon,
2 fare_amount, d ropofflat
3 predicted_fare_amount, !
@ This query will process 23.22 MB when run. passenge r_count
Using on-demand processing quota Processing location: US X FROM
— ML.PREDICT(MODEL taxi.taxifare_dnn, (SELECT
Query results =+ Create conversation [® Save results ¥ #4 Openin ~ 5 fare_amount,
hourofday,
Job information Results Visualization JSON Execution details Execution graph dayofweek
E—— ’
Row 4 fare_amount ¥ 4 predicted_fare_a... 4 hourofday v 4 dayofweek ¥ 4 pickuplon ¥ P pickuplat ~ p]_c kuplon A
1 4.6 7.020443916320... 4 4 -73.958026 40.7744¢ p iC ku plat ;
2] 12.2 14.52977752685... 4 4 -74.006158 40.7436€ d ropofflon »
3 9.8 12.53529262542... 4 4 -73.999302 40.7282¢ d ropofflat .
4 6.1  8.04678726196289 4 4 -74.005826 40.7402 pa S Senge r_COu nt
5! 41 7.401981353759... 4 4 -73.962267 40.76062 FROM
6 6.9  10.7291841506958 4 4 -74.006501 40.73972 ~ taXi taXl300k\
7 57 10.26519107818... 4 4 -73.949382 40.8022¢ WHERE
8 49  9.40158748626709 4 4 -73.978439 40.7412 data set = 2
9 41 9.242655754089... 4 4 -73.987827 40.74882 ) )
10 4.5 7.433818340301... 4 4 -73.960693 40.77812 LIMIT 10

Google Cloud



Working with BigQuery ML - Inference function

SELECT
title

AL.GENERATE(CONCAT("Summarize in one sentence: ", body)).result AS article_summary |

v

1
2
3
4
5

FROM “bigquery-public-data.bbc_news.fulltext’

LIMIT 3;

& Query completed

Query results

Job information Results

Row

1

2

3

P title ~

Global digital divide 'narrowing

Sporting rivals go to extra time

Global blogger action day called

4+ Create conversation

Visualization JSON Execution details Execution graph

Vi

article_summary

A World Bank report claims the "digital divide" between rich and poor nations is rapidly
narrowing due to widespread access to technology, while the UN's World Summit on the
Information Society maintains the divide is still very real and has established a voluntary
Digital Solidarity Fund to address it.

EA Sports' exclusive acquisition of ESPN branding and talent rights, following an earlier NFL
deal, has eliminated a competing sports game series and sparked significant fan concern
over market monopolization and reduced consumer choice.

The Committee to Protect Bloggers is mobilizing the global web blog community to dedicate
their sites on February 22nd to "Free Mojtaba and Arash Day" in support of two imprisoned

Iranian bloggers, Mojtaba Saminejad and Arash Sigarchi.

Link

Google Cloud


https://docs.cloud.google.com/bigquery/docs/reference/standard-sql/bigqueryml-syntax-ai-generate
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Visualization & Business Intelligence with Looker & Looker Studio Demo
Derive insights from your data in BigQuery (Agent, Gemini Enterprise) Demo

Activate
Introduction Al on Google Cloud
BigQuery ML Demo

Governance




Data analytics lifecycle

Ingest Process Store Analyze Activate
Governance
Objective: Data is safe, compliant, and reliable across the enterprise. Related Tools:
This layer focuses on: e BigQuery
e Data access control and security e Dataplex

e Data Catalog
e  Data quality monitoring
e Policy enforcement and compliance



Dataplex Universal Catalog allows you to discover data
across your organization

e Search and filter by:

Projects

Data sources

Lakes and zones

Tags

Metadata

Etc.

e Favorites allow for quick access
to known datasets

o o0 O O O O

Search

Filters
Scope

@ Everything
O starred

Systems

[] BigQuery

[C] Cloud Bigtable

[J Cloud Pub/Sub

[C] cloud Spanner

[J Cloud Storage

[ Dataplex

[C] Dpataproc Metastore

] other @
Lakes and zones

[C] petshop-web-traffic-lake

[] petshop-data-lake

S LEA
CLEAR [E HIDE FILTERS
P Q Find data across your projects and organizations @  SEARCH
Quick access
A
VIEWALL: [ TABLES [E] DATASETS ZE MODELS A DATA STREAMS B8 FILESETS
Y¢ Starred entries (@© Recently viewed
% page_requests H vr owners-fileset
Entry group: myentry_group
% PetshopDats Lake ¢ total_green_trips_22_21 =
Dataset: data_lineage_demo
—> View all starred entries ¥ sportszone ]|
Entry group:
(@dataplex_8b14c0dfc70687ce850de278e130ae32
¥ transponder [
~ Dataset: FlightData
v vy Ccreate_pet =
Dataset: animals_dataset
v



Intelligent scanning allows schedule scans to ensure data
quality over time

e Automatically profile data assets

e Scan data for quality issues and PlI

Rules

e Track lineage of data assets over time

LATEST JOB RESULTS

= Filter Filter items

Column name 4 Type

dob STRING
gender STRING
name STRING

JOBS HISTORY

Null percentage

0%

PERMISSIONS LOGS

Unique percentage

92.9%

94.3%

Statistics

Average length
Minimum length

Maximum length

Average length
Minimum length

Maximum length

Average length
Minimum length

Maximum length

Top 10 values

2017-
2013-
2020-
2015-
2016-.
2014-..
2018-
2006-..
2007-
2019-

| Ll

&

Male

Female

Gavi

Urba.
Trish

Barthel

= Filter Filter items

Column name 4

dob

dob

gender

gender

name

Owner_id

100%

Rule type

Null Check

Row
Condition
Check

Value Set
Check

Row
Condition
Check

Null Check

Null Check

Status

(]

Passed

M)

Passed

(]

Passed

o

Passed

M)

Passed

o

Passed

Evaluation Dimension Parameters Failed rows
Per row Completeness 0%
Per row Validity (LENGTH('dob’) >= 10 A... 0%
Per row Validity set of: Male,Female 0%
Per row Validity (LENGTH('gender’) >= 4 ... 0%

Dimensions succeeded

Completeness & 0 Errors
Validity & 0 Errors
Uniqueness & O Errors



Database, Data lake, Data Warehouse, Data
Lakehouse

Data analytics lifecycle, including which Google
Cloud products are best suited for each step




Google Cloud



