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In This Session

This is a technical session best suited for SAC 
model developers. It’s easy to learn how to use 
features through SAC documentation and videos 
provided by SAP. So, instead of focusing on how to 
use specific features of SAC, this presentation will 
focus on model building methodology that you 
won’t find in any manual or documentation.

There will be some sql examples near the end of 
the presentation. It is recommended to download 
this presentation to remember the sql examples.
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What We’ll Cover

• The two SaaS analytic tool modeling paradigms

• Acquiring data (import) vs Live Query Connections

• The concept of dimensionality

• Tips for creating aggregated data sets from 

transactional data

• Wrap-Up
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The two SaaS Analytic Tool 
Modeling Paradigms 

Models based on:

1. Flattened Mergeable Tables like SAC

2. Entity Relationship (Dimension 
Model/Star Schema) like some other 
SaaS Analytic tools
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SAC Dataset – One flattened Mergeable table
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Competitor Dataset - Entity Relationship (Dimensional Model)
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A Deeper Look Into the Two Different Modeling Paradigms

• Entity Relationship Models are based on joining tables together – 
preferably in a star schema

• SAC models and datasets are based on single datasets that can be 
merged
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A Deeper Look Into the Two Different Modeling Paradigms

• Entity Relationship Models are based on joining tables together – 
preferably in a star schema
• Preferred for operational reporting models built by IT developers in 

traditional BI tools like Business Objects but for SaaS analytical reporting it is 
often difficult for analysts to develop

• SAC models and datasets are based on single datasets that can be 
merged
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A Deeper Look Into the Two Different Modeling Paradigms

• Entity Relationship Models are based on joining tables together – 
preferably in a star schema
• Preferred for operational reporting models built by IT developers in 

traditional BI tools like Business Objects but for SaaS analytical reporting it is 
often difficult for analysts to develop

• Disjointed data makes augmented analytic features or merging datasets 
impossible

• SAC models and datasets are based on single datasets that can be 
merged
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A Deeper Look Into the Two Different Modeling Paradigms

• Entity Relationship Models are based on joining tables together – 
preferably in a star schema
• Preferred for operational reporting models built by IT developers in 

traditional BI tools like Business Objects but for SaaS analytical reporting it is 
often difficult for analysts to develop

• Disjointed data makes augmented analytic features or merging datasets 
impossible

• SAC models and datasets are based on single datasets that can be 
merged
• Augmented analytics features such as Smart Insight, Search to Insight, 

Predictive and Data Explorer are all possible because of one large dataset in 
the models
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• Entity Relationship Models are based on joining tables together – 
preferably in a star schema
• Preferred for operational reporting models built by IT developers in 

traditional BI tools like Business Objects but for SaaS analytical reporting it is 
often difficult for analysts to develop

• Disjointed data makes augmented analytic features or merging datasets 
impossible

• SAC models and datasets are based on single datasets that can be 
merged
• Augmented analytics features such as Smart Insight, Search to Insight, 

Predictive and Data Explorer are all possible because of one large dataset in 
the models

• Allows for mergeable datasets on common dimensions from different sources

A Deeper Look Into the Two Different Modeling Paradigms
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Gartner:
“The real action in the BI market is around augmented 
analytics, or how well the BI tools incorporate machine 
learning and AI.”

A Deeper Look Into the Two Different Modeling Paradigms
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Acquiring data (Importing)
vs Live Query Connections

With most data sources the important 
functionality of SAC is lost using Live 
Query. For this reason, acquiring data is 
the greatly preferred method for building 
stories in SAC.

It is important in most cases to build 
models that are efficiently designed 
around acquiring data.
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Importing vs Live Query Connections from SAP blog
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Live Query connections are used by traditional reporting 
tools like SAP Business Objects

• Most data sources used for operational, or ad-hoc reporting are 
complex in nature
• This requires dynamic sql building by the BI tool and one reason why 

Business Objects is a preferred tool for operational reporting

• SAC hybrid can use a Business Objects universe as a data source and can 
build dynamic sql with some limitations
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The Concept of Dimensionality

There is exponential growth of row count 
as dimensions are added to a data set. This 
is particularly important to understand 
since acquiring data is preferred for model 
building

Understanding the theme of your story will 
help to greatly reduce row count by:

• Identifying the core dimensions of the 
theme or logical dimensional groupings

• Building small datasets with the core 
dimensions of the theme

• Merging the datasets
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• The dimension count in a dataset has a much greater effect on row 
count than most people understand

• SAC, like most SaaS analytic tools, work best when data is acquired 
(imported)
• As seen from the previous section most of the SAC features are lost when 

using live query from non-SAP data sources

• There is (supposedly) a limit of 100,000,000 rows in SAC but smaller 
dataset function better in an SAC model

Why the Concept of Dimensionality is Important
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Example – How Dimensionality Affects Row Count

Columns: On-
line Store Data 
Set

Number of 
Dimension 
Values

Year 3

Month 12

Product Group 
& Product

30

Customer Type 6

Division & 
State

52

Revenue 0

336,960 Rows

Simple data set with 5 dimensions

you might find in a product demo
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Example – How Dimensionality Affects Row Count

Columns: On-
line Store Data 
Set

Number of 
Dimension 
Values

Year 3

Month 12

Product Group 
& Product

30

Customer Type 6

Division & 
State

52

Revenue 0

336,960 Rows

Columns: On-
line Store Data 
Set

Number of 
Dimension 
Values

Year 3

Month 12

Product Group 
& Product

30

Customer Type 6

Division & 
State

52

Gender 3

Race 7

Revenue 0

7,076,160 Rows

Add 2 demographic dimensions

Race & Gender

Simple data set with 5 dimensions

you might find in a product demo
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Example – How Dimensionality Affects Row Count

Columns: On-
line Store Data 
Set

Number of 
Dimension 
Values

Year 3

Month 12

Product Group 
& Product

30

Customer Type 6

Division & 
State

52

Revenue 0

336,960 Rows

Columns: On-
line Store Data 
Set

Number of 
Dimension 
Values

Year 3

Month 12

Product Group 
& Product

30

Customer Type 6

Division & 
State

52

Gender 3

Race 7

Revenue 0

7,076,160 Rows

Columns: On-
line Store Data 
Set

Number of 
Dimension 
Values

Year 3

Month 12

Product Group 
& Product

30

Customer Type 6

Division & 
State

52

Gender 3

Race 7

Age Band 12

Revenue 0

84,913,920 Rows

Add just one more demographic

dimension – Age Band

Add 2 demographic dimensions

Race & Gender

Simple data set with 5 dimensions

you might find in a product demo
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Single Query 
Columns

Dimension 
Values

Year 3

Month 12

Product Group 
& Product

30

Customer Type 6

Division & State 52

Gender 3

Race 7

Age Band 12

Total Rows 84,913,920

Geography & 
Demographics

Dimension 
Values

Division & 
State

52

Gender 3

Race 7

Age Band 12

Total Rows 13,104

Time & 
Demographics

Dimension 
Values

Year 3

Month 12

Gender 3

Race 7

Age Band 12

Total Rows 9,072

Product & 
Customer 
Demographics

Dimension 
Values

Product Group 
& Product

30

Customer Type 6

Gender 3

Race 7

Age Band 12

Total Rows 45,360

Total row count reduced from 84,913,920 to a total of 67,536

The 3 Queries will be merged in the story by the Common Demographic 

Dimensions

Original Query w/ 8 Dimensions
Create Separate Queries & Datasets Based
On Logical Dimension Groups or Theme  

Solution – Reducing Row Count
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Example - Using Merged Datasets in an SAC Story
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Example - Using Merged Datasets in an SAC Story
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Example - Using Merged Datasets in an SAC Story

In this example each Chart is built from one dataset
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Example - Using Merged Datasets in an SAC Story

In this example each Chart is built from one dataset

There is an input control (filter)for 

each of the demographic 

dimensions.
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Example - Using Merged Datasets in an SAC Story

There is an input control for each demographic shared by each model/dataset.

Clicking the link indicator icon displays the datasets that are linked.
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Example - Using Merged Datasets in an SAC Story

Since Models are merged, the Input Controls will

filter charts built from different data sets or models
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Example - Using Merged Datasets in an SAC Story

Smart Insights can be added to determine values of the 3

demographics influenced each chart
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Key Points – Dimensionality of Data in SAC

• SAC allows 100 million rows but there is a cost to large data sets
• Load time
• SAC resources
• Difficulty debugging data quality errors

• Generally, stories have a theme
• The theme helps determine dimension groups
• You can merge data sets along common dimensions in a story

• Common dimensions in the models can be used to filter all datasets in a 
story

• Smart Insights will still work when merging dimension

• Data Explorer can still be used within each data set
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Tips for creating aggregated 
data sets from transactional data

Typically, most dashboards do not look at 
transactional data which contains too much detail 
for analytical reporting. Aggregate datasets 
generally more useful for building SAC stories or any 
analytic dashboard.

Creating aggregate datasets is not a simple process. 
It requires many transformations that must be done 
using sql to keep row count low.
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Creating aggregate datasets is an essential part of data architecture for self-service or 
any dashboard development. The basic steps to create an aggregation table from a 
fact table in a dimensional model or transactional dataset are:

• Remove from fact table’s granular transactional columns
• A rule of thumb those columns will generally be:

• Person, company or organization keys
• Transaction date or key
• Geography (i.e., address)

• Replace transactional columns with attributes of the dimensions
• Typically, these might be:

• Week or Month & year of the transaction date or first day of the month
• U.S. State or zip code of the geography
• Attribute of a person (for instance age)
• Grouping of any attribute (for instance age band derived from age)

Building Aggregate Datasets
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Creating aggregate datasets is an essential part of data architecture for self-service or 
any dashboard development. The basic steps to create an aggregation table from a 
fact table in a dimensional model or transactional dataset are:

• Remove from fact table’s granular transactional columns
• A rule of thumb those columns will generally be:

• Person, company or organization keys
• Transaction date or key
• Geography (i.e., address)

• Replace transactional columns with attributes of the dimensions
• Typically, these might be:

• Week or Month & year of the transaction date or first day of the month
• U.S. State or zip code of the geography
• Attribute of a person (for instance age)
• Grouping of any attribute (for instance age band derived from age)

An actual date is required to build

timeline charts in an SAC story. It is 

a better option than month & year 

dimensions.

Building Aggregate Datasets
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Transactional dataset example
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Step 1 – Delete Person or Organization (or convert it to an attribute 
like person or org type)
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Step 1 – Delete Person or Organization (or convert it to an attribute 
like person or org type)
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Step 2 – Birthdate is removed from sql after transforming it to age 
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Logic for transforming date to age SQL for transforming date to age

When month of  birth date > month of current date
Then year of current date – (birth year – 1)

When month of birth date = month of current date
And day of birth date > day of current date
Then year of current date – (birth year – 1)

Else year of current date – birth year

As Derived Age

CASE

WHEN extract(month from birth_dt) > extract(month 

from current_date) THEN extract(year from 

current_date) - extract(year from birth_dt) – 1

WHEN extract(month from birth_dt) = extract(month 

from current_date) AND extract(day from birth_dt) > 

extract(day from current_date) THEN extract(year from 

current_date) - extract(year from birth_dt) – 1

ELSE extract(year from current_date) - extract(year 

from birth_dt)

END AS ‘age’,

Step 2 – Birthdate is removed from sql after transforming it to age 
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Logic for transforming date to age SQL for transforming date to age

When month of  birth date > month of current date
Then year of current date – (birth year – 1)

When month of birth date = month of current date
And day of birth date > day of current date
Then year of current date – (birth year – 1)

Else year of current date – birth year

As Derived Age

CASE

WHEN extract(month from birth_dt) > extract(month 

from current_date) THEN extract(year from 

current_date) - extract(year from birth_dt) – 1

WHEN extract(month from birth_dt) = extract(month 

from current_date) AND extract(day from birth_dt) > 

extract(day from current_date) THEN extract(year from 

current_date) - extract(year from birth_dt) – 1

ELSE extract(year from current_date) - extract(year 

from birth_dt)

END AS ‘age’,

Step 2 – Birthdate is removed from sql after transforming it to age 
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Step 3 – Age or Date of Birth can be transformed to age band
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The WITH Claude in SQL SQL for transforming date to age

The WITH clause can help you write 
readable SQL queries  and break complex 
calculations into logical steps. It was 
added to SQL to simplify complicated long 
queries.

A WITH Clause allows you to create a 
select statement that returns a temporary 
result; you can name this result and 
reference it in another query. Basically, 
it’s a named subquery, but it can be 
recursive.

WITH AGE Table as (

CASE

WHEN extract(month from birth_dt) > extract(month from current_date) 

THEN extract(year from current_date) - extract(year from birth_dt) – 1

WHEN extract(month from birth_dt) = extract(month from current_date) 

AND extract(day from birth_dt) > extract(day from current_date) THEN 

extract(year from current_date) - extract(year from birth_dt) – 1

ELSE extract(year from current_date) - extract(year from birth_dt)

END AS ‘age’

from <table1>

select Case when age1 <=18 then '18 or less'

 when age1 >18 and age1<= 25 then '19-25' 

 when age1 >25 and age1<= 50 then '26-50' 

 when age1 >50 and age1<= 65 then '51-65'

 when age1 >65  then 'Greater than 65'

 else 'Unknown' end AS Age_Band

from <table1>,<table2>

Original Age sql 

statement nested 

within WITH clause

Step 3 – Date of Birth can be transformed to age band
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Step 4 – Age column can be removed from sql
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Step 5 – Donation date can be transformed to first day of month
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Step 5 – Donation date can be transformed to first day of month
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Step 5 – Date column can be removed from sql
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Step 6 – Replace Zip 5 with Region
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Step 6 – Replace Zip 5 with Region using Simplemaps or 
Organization’s Data
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Step 7 – Zip 5 can be removed from sql – Final Aggregate Dataset
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Two important date functions SQL

Transforms Date to first day of the month for the date 
used in the function. This is important because a SAC 
timeline chart types look for a date. For that reason, in an 
aggregate data set it’s best to aggregate on the first day of 
the month.

trunc(order_date,'MM’) 

Transforms Date to first day of any month counting 
backwards month by month based on the 2nd second 
parameter of the add-months function
Used in the WHERE Condition of the query

trunc(add_months(order_date,-24),'MM’) 

Where Condition Example:
Where ORDER_DATE >= trunc(add_months(order_date,-24),'MM’) 
And ORDER_DATE <= current_date

Two Important SQL Date Functions
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Wrap Up

Building a good model is the hardest part of 
analytical reporting. Using some of the 
techniques in this presentation will make it 
easier to do so.

Downloading the presentation will help to 
remember the methodology of this 
presentation



5050

Where to Find 
More Information

SAP Analytics Cloud blog

https://blogs.sap.com/tags/67838200100800006884/

SAP Analytics Cloud Release Highlights

https://www.sap.com/india/products/technology-platform/cloud-analytics/features/release-highlights.html

YouTube Channel for SAP Analytics Cloud training

https://www.youtube.com/playlist?list=PLs5htBIwERYWSixKSqQHzndop33aBCz1U

https://blogs.sap.com/tags/67838200100800006884/
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Key Points to Take Home

• The SAP analytics cloud dataset paradigm is the most 
affective type of model for operational reporting and 
is the primary reason why it is the leader in 
augmented analytics among SaaS analytic tools

• SAP Business Objects is designed to use the Live 
Query connection most effectively and that is why it 
is the preferred tool for operational and ad-hoc 
reporting in most cases

• The concept of dimensionality is important for model 
building. Merging small datasets that are based on 
the theme of a story can greatly reduce row count

• The main 3 transformations need to convert a 
transactional dataset to an aggregate dataset that is 
suitable for analytical stories are person or 
organization to an attribute such as person or org 
type; Zip or address to a less granular value such as 
region or state; Date of transaction converted to 
month-year or preferably first day of the month
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Thank you! Any Questions?

Ken Coleman

https://www.linkedin.com/in/ken-coleman-0b86817

Please remember to complete 
your session evaluation.
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