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DATA ARCHITECTURE

Design of the data
architecture is a strategic
decision, reflecting an
understanding of what
matters for the performance
of the revenue function.

Lecture #4
21 September 2021

Creating a data analytics function

This module will discuss how a professional data analytics
function is introduced into a tax administration and the steps
required to make it effective. Central to the organizational
change is 1. developing a strategy for infusing data analysts
and high-end skills of data science into taxation by:

2. deciding where to place the function

3. deciding on centralized versus decentralized data
science capacity

4. establishing effective collaboration between
data analysts, data science and tax specialists

5. educating tax professionals about data science
and data scientists about taxation

6. providing space for experimentation, learning,
and mistakes

Presented by:
Inland Revenue Authority of Singapore and SAS Institute
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“Without facts and principles, data is
useless.”
Bob Hoffman, Writer, Speaker and Type A Group Partner

Our Objective

The objective of this stream is to equip
participants with a practical and
theoretical understanding of the critical
success factors in establishing a data
architecture by providing the appropriate
tools and the vocabulary needed to
establish or improve the tax

administration’s data architecture.



Even though tax
agencies are awash in
data, they can struggle
to turn raw data into
actionable intelligence.

How can you apply the
right analytics to
produce intelligent
decisions?




Using Analytics to Move Towards “Trusted Decisions”

A

VALUE OF
ANALYTICS
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Creating a Data Analytics Function

Overview

Developing a data strategy

Where to locate the data analytics
function

Centralized vs de-centralized

A
5
6

Stakeholder collaboration

Capabilities and education

Experimentation & learning



Leveraging Analytics

Increase voluntary
compliance, minimize
loss and administer tax

policy fairly and
efficiently
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Creating a Data Analytics Function

Developing a data strategy
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CASE STUDY:

Problem: Every project at the tax agency addressed data issues as one-off, built-from scratch
activities. The agencies IT team had 17 projects underway (new applications, application
enhancements, new reports, etc.).

Each project required access to customer data, and each had overlapping tasks and
resources.

» Every project included a source data inventory and analysis activity because
there was

» New data extracts (subsets of data copied for use by other systems) had to be
built because

. Each had their own copies to support their
integration and database build activities (which tied up storage for this transient
content).

> Each team’s ,

because the logic and rules weren’t identified or documented to be shared.
Gsas
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Departments and divisions do not have a common method for collecting and integrating
raw data, cleansing it to ensure data quality, and preparing it for analytics.

Audit had to its campaign system to adjust to frequent (and
uncommunicated) changes occurring to the layouts of the extracts it received.

Managers always had questions about KPI reports because
(even though they contained common data).

Business unit users often
, because there was no way to determine the origin of standard report data.

Osas
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Common questions about the data
non-compliance detection and reporting was usually ad-hoc.

g Data
The data warehousing team lacked [echnoley e——
Strategy
a Data Strategy Framework /s Data Control DS
. M Envi t & Maintenance

and had to continually chase data G T _

ata
problems because data issues Data Qualtty e el Enablmert &

Cccess

) .

weren’t managed like other Ost torge St oation e Cultural Change
business support activities. e Stewardship atcey

Business
Strategy
Adherence

Data Insights Data
Strategy Architecture

Data Dictionary

Copyright © SAS Institute Inc. All rights reserved.



Where does my data strategy fit?

Governance...

* Aligned with Corporate Vision -

* Depends on Corporate Strategy

1 ] 1
« Define DataOPs/ModelOPs - -
Implementation I

Business Data Usage

Explainability

e Data Strategy Business Data Usage
— Processes and practices aligned with all I—_-._
Business Data

necessary stakeholders
Sharing

— Assets (re)usage, from request to usage
to retirement

— Measures to assess Data Source
Trustability

_&g

Copyright © SAS Institute Inc. All rights reserved.



A data strategy with analytics in mind is a plan designed

to improve all the ways you acquire, store, manage,
share and use data to go from QUESTIONS to DECISIONS

|
Where is that How are we prioritizing
trending? investigations for non-
compliant behavior?
What if the tax law
changes in this way?
What are the
new threats?

Gsas



A Day in the Life

»
>

“Our accounts receivable balance is “I have a lot of data on past cases
Commissioner  growing. How can we get better at Director of Research that we have collected. How can |
prioritizing which cases are most/least use historical data to determine
collectable?” collectability?”
Data Science

Business Analyst

Domain knowledge

“Cases with characteristics A, B, and C are 85%
likely to resolve without us taking any action.” Coding
“Cases with characteristics X, Y. and Z have less What char acter?/st/cs make a
than 5% chance of collection.” cgse ?OI lectable? H OV'_’ F/oe':s
time impact collectability ?

4.

Data Scientist

“How do | explain the results Domain knowledge
of my model to a business
user?”

Director of Research

Data Science

Coding




A Day in the Life

___________________________________________'.

“Our accounts receivable balance is . ; —
growing: = [
1. Which cases are most/least collectable?
Commissioner 2. What's the best action to take?” Director of Research
3. How can | maximize revenue with my
limited people and budget?’

“I have a lot of data on past cases
that we have collected and actions
we took. How can | use historical
data to optimize collections, given
the resource constraints?” Data Science

Business Analyst

Domain knowledge

“Here is a customized collection plan for each
debtor. | can update it daily, based on new data
received.”

Coding

Y R

“Xis your biggest bottleneck in the collections process. If you increase
X by 25%, you can increase revenues by $7.9 million in 6 months.”

“Collections is a process, not an isolated
action. Howdo [ create a customized
action plan for each debtor?”

4.

N Data Scientist
“What algorithms best support the

Director of Research idea of ‘collections is a process’?
What are the most important
constraints that prevent us from
collecting more?” Coding

Domain knowledge

Data Science




™ ! Only a small fraction of real-world Machine Learning
systems is composed of the Machine Learning code, as
shown by the small black box in the middle. The required
surrounding infrastructure is vast and complex. ’ r

Data Machine .
Verification Resource Monitoring
i Management
Configuration || Data Collection Sening

Infrastructure
Code Analysis Tools
Feature Process
Extraction Management Tools

Ref: “Hidden Technical Debt in Machine Learning Systems”, Google Inc.



https://papers.nips.cc/paper/5656-hidden-technical-debt-in-machine-learning-systems.pdf

Machine
Data .
Verification Resource Monitoring

Data Collection Management

Configuration Serving

Infrastructure
oo alysis Tools

Feature
Extraction

Ref: “Hidden Technical Debt in Machine Learning Systems”, Google Inc.

Developing a Data Strategy Design with the end in mind

Where is that How are we prioritizing
trending? investigations for non-
How can we collect the Bl Pl SR
greatest number of
How collectible is a receivables, given our limited
debt? resoLrces? How can we improve
the view of cross-
authority customers
Can we predict non-compliance What are the (individuals,
based on prior audit outcomes? S companies)?

Copyright © SAS Institute Inc. All rights reserved.
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Value to Business

>

Self

Service Bl

Reporting Drilldown

The Analytic Continuum

Processing/Computer
Vision/Robotic Process

Machine/Deep
Learning

Optimization

Forecasting

Statistical
Modeling

Where is the problem?

Visualization

Why has

What happened?

>

Sophistication

Natural Language

Extract insights
from
unstructured/
visual content

Automation/Al

Automatically find
hidden insights

Automate the best action

Predict future outcomes

it happened?

Copyright © SAS Institute Inc. All rights reserved.

Maturity of Analytic Capabilities
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Value to Business

>

Self
. Service BI
Reporting Drilldown
What happened?

Visualization

>

Sophistication

The Analytic Continuum

Natural Language
Processing/Computer
Vision/Robotic Process
Automation/Al

Extract insights
from
unstructured/

Machine/Deep visual content

Learning

Optimization Automatically find

hidden insights

Forecasting

Statistical
Modeling

Where is the problem?

Automate the best action

Predict future outcomes

Why has it happened?

Maturity of Analytic Capabilities

Copyright © SAS Institute Inc. All rights reserved.

Osas



QUESTION

Introducing: The “Analytics Life Cycle”

Copyright © SAS Institute Inc. All rights reserved.

DECISION

§sas



The Analytics Life Cycle

Borrowing from agile software development practices,

DataOPs provides an agile approach to data access,

quality, preparation, and governance. It enables greater
reliability, adaptability, speed and collaboration in your
efforts to operationalize data and analytic workflows.

DataOP‘5

Access
Access data, regardless of size or
complexity

Prepare
Transform raw data, including Al
powered suggestions

Visualize
View important relationships in
data and share insights

Govern
Build trust in data, understand
lineage and gain transparency
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DataOPs — “Operationalizing Analytics”
The How and the What ... From the Source to the Consumer

Data Governance, Usage Management, Monitoring

Copyright © SAS Institute Inc. All rights reserved.
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Data Preparation

The Need to “Flip the Script”




Data Preparation

The Need to “Flip the Script”

Gsas



Data Preparation .
;E:r:gtuogry; Mﬂﬂ:;:nmt

Data Control
Environment

Management

Data Strategy

D
|II|I|(17 [
° 401
ERY) Data Quality

bk ' ]
Business Analyst = 3 EI;EI—‘E .

9|qIX3l4

Citizen Data Scientist < B rchvang -
Self-service Wrangling Blending Sy

ETL Developer

0
o @
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IT Users

Extract, Managed Monitored Glossary Auditing Lineage

Transform,
Load

paziwndo pue
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Data Steward
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A data strategy is a plan designed to improve all the
ways you acquire, store, manage, share and use data

Core
Components

https://www.sas.com/content/dam/S
AS/en_au/doc/whitepaperl/five-
essential-components-data-
strategy.pdf

Data
Management
Strategy

Technology
Architecture

Master Data Data Control Data Sourcing
Management Environment & Maintenance

Data
Enablement &
Access

Data Strategy
Framework

Data Data
Standardization Governance &
Stewardship

Data Quality

Cultural Change
Strategy

Data Storage
& Archiving

. Business
Data Insights Data Strategy

Strategy Architecture Adherence

Data Dictionary

Copyright © SAS Institute Inc. All rights reserved.



Al Adoption in the Enterprise 2021

| https://www.oreilly.com/radar/ai-adoption-in-the-enterprise-2021/ |

* In the past, has been the most significant barrier to Al adoption.

While it’s still an issue, culture has dropped to fourth place.

* The biggest problems in this year’s survey are lack of skilled people and difficulty in hiring
(19%) . It’s no surprise that the demand for Al expertise has exceeded
the supply, but it’s important to realize that it’s now become the biggest bar to wider
adoption. The biggest skills gaps were ML modelers and data scientists (52%), understanding
business use cases (49%), and . The need for people managing and
maintaining computing infrastructure was comparatively low (24%), hinting that companies

are solving their infrastructure requirements in the cloud.

Gsas

Copyright © SAS Institute Inc. All rights reserve d.
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RESOURCE CENTERS

@ Live Events.

@ interactive

© Cortifications
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& support
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O’REILLY Learning
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No available subtopics

The Self-Service Data
Roadmap
By Sandeep Utta
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Copyright © SAS Institute Inc. All rights reserved.
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Creating a Data-Driven
Organization

DATA
STRATEGY

0001001
00111

9911500

The Chief
Data Officer
Management
Handbook

B Book

The Chief Data Officer
Management Handbook: S...

Healthcare
Analytics
Made Simple

Learning Path
Developing a
Modern Entermke
Data Strategy = *

Learning Path: Developing a
Modern Enterprise Data...

BIG DATA



WHITE PAPER

Top Trends: Why Tax
Administrators Are
Adopting New Data and
Analytics Strategies

presented by SAS

https://www.sas.com/en/whitepapers/top-trends-tax-administrators-111564.html

Gsas
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SAS 2020 #SASGF

Paper SAS4617-2020
Smarter and Faster Self-Service Data Preparation

Atrin Assa, SAS Institute Inc.

ABSTRACT

In this paper, you'll learn about the latest and greatest self-service data preparation
capabilities of SAS® Visual Analytics. You will understand how smart suggestions can help
you improve the quality of your data, how the new interface can help you work faster, and

how better-prepared data can help you build better visualizations, better reports, and tell a
more compelling data story.

https://www.sas.com/content/dam/SAS/support/en/sas-global-forum-
proceedings/2020/4617-2020.pdf

GSsas
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Creating a Data Analytics Function

Where to locate the data analytics
function

A
5
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Making it easier for
everyone to use analytics
to ask and answer the
guestions that drive

business forward



Where to Locate...Fit for Purpose
Why are we building a model?

How does that model start generating value?
« What are your business requirements?
« What are your metrics for success?

Model deployment (or serving) is operationalization of the model and where it starts to
generate value.

The statistically best model might be the model you should deploy, but what about:
« How fast does it execute?

« What data does it use?

 Isit reflecting your business goals?

“Fit for Purpose” means considering your business objectives and technical requirements
alongside model accuracy.

Osas

Copyright © SAS Institute Inc. All rights reserve d.



Where to Locate...Fit for Purpose

What makes a model fit for its purpose?

T
Define all requirements

before embarking on an
analytical model building
project.

This means it is a
collaborative process to
define the requirements of
the project, involving
businesses, analytics and
IT.

Copyright © SAS Institute Inc. All rights reserved.



Where to Locate...Fit for Purpose

What makes a model fit for its purpose?

The Machine Learning Canvas helps to identify business, data, model, execution
challenges before the start of the project (i.e., fail fast principle).

Data Sources

Which raw data sources can we use (interal and extemnal) and what is the

effort to access them? How much (historical) data do we have?

Data pre-processing
& featurization
Ahat is the quality of the data (e.g., problens?

missing value: Vhich features are
extracted from the raw data sources?

Offline Evaluation

Methods and metrics lo evaluate the system before depioyment?
Which are the success criteria to deploy the system?

Analytical task
Inputs? Output? Type of

Value Propositions Collecting Data

What objectives are we serving?

al is the business potential (in €'s.
savings, efficiency, efc )’ are the off line?
stakeholders? Value of correct decisions
wversus cost of incorrect decisions?

Making
Predictions

o make a prediction? Volume
of predictions to make?

v X | Live Evaluation and Monitoring

Methods and metrics to evaluate the sysiem after development, and
how to quantify the value creabon.

Which data sources are available in an operational contexd?
Streaming data or off line data? Which caiculation should be done in stream /

Decisions {}

How are data and predictions

used to make decisions that provide
the proposed value to the end user?
How much time do we have to make.a.
dacision?

Building Models

create/update
new training
ong do we have fo
ize training inputs and create a

featus
model

Copyright © SAS Institute Inc. All rights reserved.
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Fit for Purpose Environment

INTERACTIVE
DASHBOARDS
REGISTER DEPLOY MONITOR RETRAIN
Provide over5|ght.and governed | Embed'?fnd executg models, Gain visibility into analytic Models using pre-defined workflow
analytics. everage di ere.nt engine based on outcomes and approach. To execute training jobs
the business need
p = -~ — [ H R G - - YRVAVA ""\“ i e i
3 e T 263% 13.89% |- red B e
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GSsas
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ModelOPs (MLOps) White Paper

O'REILLY®

E8 BOOK

Practical MLOps
* %k %

O'REILLY

Practical
MLOps

Operationalizing Machine Learning Models

Noah Gift & Alfredo Deza

TIME TO COMPLETE:
11h

TOPICS:
Iv 1e Learning

PUELISHED BY:

PUBLICATION DATE:
September 2021

PRINT LENGTH:

AGQ

https://learning.oreilly.com/library/view/practical-

mlops

9781098103002/

Copyright © SAS Institute Inc. All rights reserved.
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Introducing MLOps
* % %k % 3% 10

By € olas Omor

OREILLY
Introducing

MLOps

hine Learning in the Enterprise

Mark Treveil
& the Dataiku Team

TIME TO COMPLETE:
5h 9m

TOPICS:
Machine Learning

PUBLISHED BY:
O'Reilly Media, Inc.

PUBLICATION DATE:
November 2020

PRINT LENGTH:
183 pages

https://learning.oreilly.com/library/view/introducing-
mlops/9781492083283/

Osas



ModelOPs White Paper

SAS Global Forum:

SAS3368-2019

Deploying Models Using SAS® and Open Source
Jared Dean, SAS Institute Inc.

ABSTRACT

In the excitement and hype around machine learning (ML) and artificial intelligence (Al) most of the time
is spend in the model building. Much less energy is expended on how to take the insights from models
and deploy them efficiently to create value and improve business outcomes.

This paper will show a complete example using DevOps principals for building models and deploying
them using SAS® in conjunction with opens source projects including Docker, Flask, Jenkins, Jupyter, and
Python. The reference application is a recommendation engine on a web property with a global user
base. This use case forces us to confront security, latency, scalability, repeatability. The paper will
outline the final solution but also include some of the problems encountered along the way that
informed the final solution.

Copyright © SAS Institute Inc. All rights reserved.



https://www.sas.com/content/dam/SAS/support/en/sas-global-forum-proceedings/2019/3368-2019.pdf

ModelOPs White Paper
SAS Global Forum:

o

2020 snscr

Paper SAS4402-2020

Open-Source Model Management with SAS® Model Manager
Glenn Clingroth, Hongjie Xin, and Scott Lindauer, SAS Institute Inc.

ABSTRACT

Open-source models that are developed in Python, R, TensorFlow, and so on, are
increasingly important to organizations that produce and deploy analytical and machine
learning models. Mot only are the models created using open-source tools, they are
deployed to open-source environments that use Docker and Kubernetes in place of more
traditional environments. SAS® Model Manager is evolving to be a management platform
that handles traditional SAS models and open-source models as equal partners. This paper
discusses strategies for managing the life cycles of Python, R, and TensorFlow models using
SAS Model Manager.

SasS
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Creating a Data Analytics Function

Centralized vs de-centralized

Overview

A
5
6




The deployment method is driven by the consuming application

On Demand

| | |
)] )] )] )]

Gsas



CASE STUDY:

Problem: Every project at the tax agency addressed data issues as one-off, built-from scratch
activities. The agencies IT team had 17 projects underway (new applications, application
enhancements, new reports, etc.).

How does an integrated “centralized” analytics platform help?

» Asingle, integrated analytics platform incorporates data management
techniques to ingest disparate data sets from internal sources (tax data) and
external sources (other agencies, third parties, corporate data, etc.) —then the
data is blended and cleansed before it’s used with analytics.

» All tax agents use the same data-based foundation for making decisions — with key
information displayed visually in a way that’s easy to configure, search and consume

» Behavioral analytics identifies key types of fraud entities such as “shell

company” — as well as patterns in behavior —to uncover connections among
entities

Copyright © SAS Institute Inc. All rights reserve d.



CASE STUDY:

Problem: Every project at the tax agency addressed data issues as one-off, built-from scratch
activities. The agencies IT team had 17 projects underway (new applications, application
enhancements, new reports, etc.).

» Alert generation, scoring and risk analysis target the most appropriate cases for
tax agents to investigate.

» Hybrid analytics approach blends
social network analysis, anomaly
detection and other analytical
technigues to deliver the best possible
results

Copyright © SAS Institute Inc. All rights reserved.
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Ill

De-Centralized” Operating Model for Developing
Data Analytic Solutions

High-Leve

Data extraction Data Model Model evaluation
S &
and analysis N preparation training ’ and validation

experimentation/development test

staging preproduction ‘production

Prediction
service

Copyright © SAS Institute Inc. All rights reserved.



High-Level “De-Centralized” Operating Model for Developing
Data Analytic Solutions

Copyright © SAS Institute Inc. All rights reserved.



|ll

Centralized” Operating Model for Developing
Data Analytic Solutions

High-Leve

Orchestrated experiment

Pipeline
Model \ Model del . \ deployment

traimmng

experimentation/developm

preproduction production
.‘IIIIIIIIIIIIIIIIIIIIIIIIIII IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII..

*
Trained

model
Aumomated pipelme

Data

preparation

2 L
*
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ML metadata store
d

Performance L Prediction
momtormg senace
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Operationalizing Analytics oo
An Integrated “Centralized” Analytics Platform oF

MODEL/DECISION MODEL/DECISION

PRODUCERS _ _________ CONSUMERS

Visual 9
Frontends ssas e — — Fact Data

Q @ | Data Lake/Warehouse

00O

>

Internal
Application

L L L T L T T T P T T P E P PP TP PP PP PP EPPT PP

Batch
Performance Results : In database

" % In Hadoop
ol I = ; _
= Cloud Analytics
. External
‘: Services (CAS) Application
u . .
Business w Publls.hlng : Kubernetes
h Rules (a] Services cAs Batch Stream
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Using Cloud / Containers to Centralize
—

Virtual
Machines

Collaborative
©)= )
Workspaces QQQ

Visual & Programming Uls

Data Management
Batch Processing
Data Science
Model Management

< MANUAL SCALE >

Single
Containers

Individual Workspaces @
Runtime Engines @

Programming Uls only

Data Science
Batch On-Demand
Analytic Applications
Functions-as-a-Service
SCALE / INSTANTIATION

Multi-
Container

Collaborative @@@
Workspaces

Visual & Programming Uls

Data Science
Data Visualization
Big Data Analytics

< DYNAMIC SCALE >

EEN

Docker + Kubernetes

Private Cloud (Internal or Hosted)

Public Cloud

Copyright © SAS Institute Inc. All rights reserved.



“Centralized” Analytics Platform...Needs Governance

=y
=

Business Data Usage
Explainability

Business Data Usage

Business Data
Sharing

§sas
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Analytical Model Governance

Centrally Manage ALL Analytic Models
Interoperability with
= third-party modeling
CENTRALLY tools to form a model
MIANAGE management hub

\_

J

- Govern ALL analytic models

Monitor ALL models in production to
maximize business value

- Share & collaborate
 Trace & prove with workflow and versioning s

nnnnnn

Gsas



Centralized can “push” and “pull” with REST API integration

* Execute business logic e — s
or rules e

* Communicate with
other processes using
web services or Job
Execution tasks

* Integrate the process
with third-party
applications

Osas
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Analytic / Data Architecture Governance
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Creating a Data Analytics Function
10-minute break

4 Stakeholder collaboration

N I sisune B o « 5 Capabilities and education
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Creating a Data Analytics Function

Centralized vs de-centralized
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Overview

A
5
6

Experimentation & learning



Deploying decision logic

Sandbox Validation

—

* Create Decision Flow * Decision Logic Test *  Production Execution
* Diagram Test * Decision Performance Test

Cg
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Data Science Workbench

e Cloud deployment (MS Azure)

oAll components deployed on
managed Kubernetes cluster
(AKS)

oConnect to cloud data sources
as needed

e Data Science Workbench
provides Python, SAS, ...
environments as Docker
containers on demand

oScheduled to run in “dev” area
e From here, models are
registered to Decisioning

Platform and deployed to “prod”
area using SAS Model Manager

o

Kubernetes
Remote

service

A

MS Azure

Copyright © SAS Institute Inc. All rights reserved.

SAS Viya Decisioning Platform
(w/ Model Manager)
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Model Development Platform
(Data Science Workbench)

I DOMINO

External Data Lake
Databases

Container
Registry




Discovery
Environments

Hands-on

Choice

data prep &

jupyter

Governance
Environment

Code
Repository

3 trigger
ot GitHub

A

v

Deployment Environments

Automation Pipeline
(Jenkins, Git CI/CD ...
Unit testing
QA gateways
Approvals

Hands-off (runtime)

* Test/Staging
* Production

Models

Business
Rules

register Decisions
track

performanct’

©

Options

Deploy
artifact

\ £

Streaming

Real-Time

Single governance
environment
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Operationalizing Analytics
The Next Frontier
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