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CHAPTER 1

Introducing the Theoretical
Background for Democratizing
Analytics

Introduction

The two pillars of online analytical processing (OLAP) are logical design
and physical implementation. With OLAP, we want to enable end users to
create different reports and analyze data. The tool must be able to write
queries based on the report design, and the queries must be executed at
lightning speed. The star schema logical model enables tools, like Power BI,
to write queries automatically. Columnar storage is the physical storage
implementation by Microsoft that provides the appropriate performance.
This chapter introduces the two pillars of OLAP. It also describes the
building blocks and the history of Power BI.

Structure

In this chapter, let us discuss the following topics:

e Logical design — star schema
e Dimensions and fact tables
e Columnar storage

e Introducing Power BI and its history

Logical design — star schema

The relational model is the logical model commonly used for modeling the
schema of a database for an online transactional system (OLTP). In an
OLTP, or in short, in a transactional system, the data is written to the
database in real-time, or online. The data must comply with integrity rules, it




must be in accordance with business rules. Therefore, the relational model is
ideal for line of business (LOB) applications, where data integrity is crucial.
LOB applications are applications that are important for an enterprise to
conduct its day-to-day operations. An example would be an application for
an enterprise resource planning (ERP) system.

The relational model, contrived in 1970 by Edgar F. Codd, enforces data
integrity through data types, database schema, declarative constraints, and
even programming code through triggers and procedures. When you design
a relational database, you go through some predefined processes, like
normalization and specialization. In both of these two processes, you are
creating more and more tables. Let us not get into the details of relational
modeling. The point here is to show that after the model is finished, it is not
very suitable for reports and analysis. The big problem is that you might
finish with hundreds or even thousands of tables for even a quite small LOB
application.

Before continuing, let’s do a recap. The relational model is definitely a great
model for LOB applications, and for any other applications that need to
enforce data integrity. However, querying the model is complex. You need to
join multiple tables for even quite simple reports. You must first know where
the data you need is stored, which tables and which columns you need to use
in the report. Figure 1.1 shows a small example of a relational model. The
figure has been created in SQL Server Management Studio (SSMS) for the
tables in the Sales schema in the AdventureWorks2019 database.
AdventureWorks2019 is a demo database by Microsoft, showing how to
model a database for LOB applications:
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Figure 1.1: Sales Part of the AdventureWorks2019 Database Schema

If you count the tables, you can see that there are already seventeen (17).
There is no simple query from this schema. Remember, in a real-world
system that supports sales, you could have far larger number of tables.
Unfortunately, the number of tables is not the only problem. The relational
model does not enforce a naming convention. From the theoretical
perspective, it is perfectly OK if you use names like Table001, Table002,
Column001, Column002, and so on. Some databases really use similar, from
the business perspective, meaningless names. The applications add labels
and captions to the user interface, so it turns out that learning a querying
language, like Transact-SQL (or T-SQL) for SQL Server databases, is not
the biggest problem. The biggest problem is to learn where, in which
columns of which tables, can you find the data you need for your report.

Business always wants to analyze the data over time. Business people want
to compare this year's sales with the previous year's sales. They want to
follow the behavior of their customers over time. Unfortunately, the
databases that support LOB applications frequently store current data only,
with no history. This is another problem for creating reports.



Another issue worth mentioning is data quality. A LOB system can live with
a small amount of data that must be correct occasionally only. For example,
you need to have existent and correct data about a customer only when you
are in a contact with this customer, for example, when the customer places
an order, when you ship the goods, or when you send an invoice. The data
might have been missing a moment before the contact and might be updated
incorrectly a moment after the contact. And in a LOB application, you need
a few pieces of data only. For example, if the customer is a company, the
name of the company, the address, the VAT ID, and probably nothing else.
However, for analysis, data like the size of the company, measured by the
number of employees, or gross income, would be very welcome.

There are never enough reports. In a modern company, end users must be
able to create their own reports. The analytics must not be limited to IT
people only; the analytics must be democratized. Of course, you cannot
expect end users to learn a query language, and even more to know where to
find the data for their analysis in the database. The tool that the end users use
to create the reports should be able to create the queries automatically. The
users should be able to create reports through the graphical user interface
(GUI), and the tool should create the queries based on this report design.
Ideally, the queries should be processed extremely quickly, and return the
results instantly. We want to have an analysis in real-time. We want to have
an online analytical processing or OLAP system.

We are at a dead end here. IT professionals are not able to create queries
from a complex relational model. End users are not able to create the queries
even more. So how could a tool be so smart to create the queries needed?
Apparently, we need a new data model. Of course, we cannot change the
design of the databases that support LOB systems. This means that we need
to create new databases with a new model, extract the data from the sources,
transform it for the destination schema, and load it into the destination
database. The standard acronym for this extract-transform-load process is
ETL. But what kind of model do we need?

Without any further hesitation, let’s see what a star schema is. The star
schema was formally introduced by Ralph Kimball in 1996, although there
were some analytical applications that used the same or a similar design
already earlier. Figure 1.2 shows the star schema for the sales through the
reseller channel, created from the aAdventreWorksdbw2019 demo database:
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Figure 1.2: Star Schema for the Reseller Sales

You can immediately see how the star schema got its name. We have a single
central table and multiple surrounding tables. Note that the central table is on
the many side of every single relationship, meaning that many rows from the
fact table are associated with a single row from a dimension table. Now a
tool can create queries automatically. The tool must find the central table
from the metadata and then join the surrounding tables. Let us see what
exactly is included in a star schema.

Dimensions and fact tables

Star schema is an informal standard for designing analytical databases. A star
schema consists of two types of tables only: dimensions and fact tables. In
addition, the informal standard also defines the column types in these two
tables. Let us start the description of these two table types with an example
of a fact table. Figure 1.3 shows the dbo.FactResellersSales table from the
AdventureWorksDW2019 demo database:




FactResellerSales

ProductKey
OrderDateKey
DueDateKey
ShipDateKey
ResellerKey
EmployeeKey
PromotionKey
CurrencyKey
SalesTerritoryKey

% SalesOrderNumber

% SalesOrderlLineNumber
RevisionNumber
OrderQuantity
UnitPrice
ExtendedAmount
UnitPriceDiscountPct
DiscountAmount
ProductStandardCost
TotalProductCost
SalesAmount
TaxAmt
Freight
CarrierTrackingNumber
CustomerPONumber
OrderDate
DueDate
ShipDate




Figure 1.3: The dbo.FactResellerSales Table

Let us look at the columns. The first nine columns are foreign keys. The next
two columns form the primary key of the table. A primary key in a table
uniquely identifies each row. A foreign key is a primary key from another
table, called the parent table, imported into a child table to maintain the
associations between rows in both tables. For example, customer1Dd might be
the primary key in the customers table and is imported as a foreign key into
the Orders table to maintain the relationship between customers and their
orders. All of these eleven columns can be grouped into a single group: keys.
Keys are the first type of columns in the fact table. The next type of column
is the column that is measuring something. They are called measures.
Starting with orderguantity and up to Freight, we have ten measures in
the table. Measures are the columns you are analyzing, and the columns you
are aggregating. Keys and measures are the two main types of columns in a
fact table. In the example, you can see some other columns. Columns
RevisionNumber, CarrierTrackingNumber and CustomerPONumber help us
by connecting the rows to the source system. We can follow immediately
why the rows came into our system, for example, some rows came based on
a specific customer’s purchase order. Such columns are called lincage
columns. In the lineage columns, you could also follow who and when
transferred the rows from the source system to the analytical database.
Finally, the last three columns are just the three dates converted to the
datetime data type from the original date key columns, which are integers.
These columns are not really needed in the table; they do not bring any
additional information, but they can simplify the reports.

There are three types of measures. The most useful measures for analyses
are additive measures. Additivity means that you can use the SUM aggregate
function for aggregating across any dimension. The salesaAmount column
from the dbo.FactResellersales table i1s an example of an additive
measure.

Non-additive measures are measures for which the sum function makes no
sense across any dimension. The uUnitpPrice column is an example.
Summing prices does not make sense either across products, or across
resellers, and also not over time.

The third kind of measure is the semi-additive measure. Nearly-additive
would probably be a better name because these measures are additive across



every single dimension except time. All kinds of levels, like the stock level
of a product, are semi-additive measures. In the dbo.FactResellersales
table, there is no example of a semi-additive measure. Aggregating semi-
additive measures is a bit more complicated because you have to use SUM
across all dimensions but time. Over time, you can use the last known state
as the aggregate. For example, the aggregate of the stock level of a product
for a month would be the level on the last date of that month when the level
is known. Let’s say that today is March 231, 2023. The aggregate for
February 2023 would be the state on February 28th, and the aggregate for
March would be the state on March 2214 or March 2314 if the last data from
March 2314 was already transferred.

Please note that star schema is not a proper relational schema anymore; it is
denormalized. The dbo.FactResellersales table does not comply with the
second normal form, which states that all non-key columns must be
dependent on the full key. A key can be a composite key, consisting of more
than one column. The key columns for the composite key of the table are the
salesOrderNumber and the salesOrderLineNumber columns. For many
foreign key columns, you need to know the salesorderNumber column
value only, to get the value of the column. For example, you do not need
SalesOrderLineNumber to know the values of the orderbatekey,
DueDateKey and ShipDateKey columns.

Now let us focus on the dimensions. Let me start with the date (or time)
dimension. This dimension is present in practically every star schema. It is a
somewhat privileged dimension. Because it is always there, Power BI
introduces many functions in the Data Analysis eXpressions (DAX)
language, specialized to work with dates. For example, the
PARALLELPERIOD () DAX function returns the dates from the parallel period
of the current context date. The PARALLELPERIOD (DimDate [DateKey], -1,
year) returns the same date of the previous year for every date of the current
year. Figure 1.4 shows the dbo.DimDate table:



DimDate
7  DateKey

FullDateAlternateKey
DayNumberOfWeek
EnglishDayNameOfWeek
SpanishDayNameOfWeek
FrenchDayNameOfWeek
DayNumberOfMonth
DayNumberOfYear
WeekNumberOfYear
EnglishMonthName
SpanishMonthName
FrenchMonthName
MonthNumberOfYear
CalendarQuarter
CalendarYear
CalendarSemester
FiscalQuarter

FiscalYear

FiscalSemester

Figure 1.4: The dbo.DimDate Table

Because all dates are known, you can populate the date dimension in
advance. Like in the dbo.Dimbate, you can add many calculated columns
that create natural hierarchies for aggregates. In the dbo.pimpate, you can
create two hierarchies from the last six columns:



e CalendarYear — CalendarSemester — CalendarQuarter — month - date
and

e FiscalYear — FiscalSemester — FiscalQuarter — month — date.

Natural hierarchies are very useful because they form a natural drill-down
path. Users many times analyze data with the divide-and-conquer method.
Imagine there is a problem with the total sales amount. You need to find the
root of the problem. First, you check sales over years, then you find a year
with suspicious numbers. You drill down to semesters, quarters, and months
to find the critical months.

Natural hierarchies in the dbo.pimbate table breaks the third normal form.
Non-key columns should be mutually independent, they should depend on
the key only. However, if you know the month, you know the quarter and the
semester. But don’t worry, everything is fine with star schema
denormalization. You are not building a new relational model used in the
source systems; you are building a model that is suitable for analyses.

In Figure 1.5, you can see the dbo.DimProduct table. However, you can also
notice two associated tables, namely the dbo.DimProductSubcategory and
dbo.DimProductCategory tables:



DimProduct

?  ProductKey A | DimProductSubcateqory
ProductAlternateKey % ProductSubcategoryKey
ProductSubcategorykey g — ProductSubcategoryAlternateKey
WeightUnitMeasureCode EnglishProductSubcategoryName
SizeUnitMeasureCode SpanishProductSubcategoryMName
EnglishProductMame FrenchProductsubcategoryName
SpanishProductName ProductCategoryKey
FrenchProductMame '

StandardCost ! 8
FinishedGoodsFlag

Color

SafetyStockLevel &
il | DimProductCategory

ListPrice [ 7 ProductCategoryKey

Size . ProductCategoryAlternateKey

SizeRange EnglishProductCategoryName

Weight SpanishProductCategoryName
DaysToManufacture FrenchProductCategoryMarme

Productline

DealerPrice I

Figure 1.5: The dbo.DimProduct Table

For the products, the natural hierarchy category — subcategory — product is
kept in lookup tables. This dimension complies with the third normal form, it
is not denormalized. We also say that we have the snowflake schema. For
Power BI, you should always try to target star schema. Snowflake schema
brings more tables. More tables mean a more complex user interface for
creating reports, slower queries, and more work with the ETL process.
Therefore, let us repeat: Use star schema always and join the data from the
associated tables in source queries or the ETL process.

In a dimension, we also have standard column types. First, we have the key,
which is in this example the Productkey column. Then we have column(s)
that give the name to a member of the dimension. In the example, we have
EnglishProductName, but also translations SpanishProductName and
FrenchProductName for the name columns. Then we have columns that are
used for analyses, to give the context to aggregated measures. For example,
the color column can be used to aggregate sales amounts over colors. These
columns are called attributes in the star schema terminology. Some attributes
can form natural hierarchies. Finally, we can have columns called member



properties. These columns are not used for analyses, they are included only
if we need them on the reports. For example, the safetystockLevel column
would probably never be used for aggregations but could be useful as an
additional piece of info in a report. Another, maybe even better example,
would be a customer’s e-mail address.

There is another possible approach — hybrid star and snowflake schema. You

can see how the geography data model part is solved in Figure 1.6:

FactinternetSales

DimCustomer

#  CustomerKey A Productkey Lo
GeographyKey OrderDatekey
Custemerlternatekey DueDateKey

Title

ShipDateKey

DimGeography o ] FirstMame Customerkey
¥ GeographyKey MiddleMame Promotionkey
e LastMarme Currencykey
Setefrevinostons NameStyle SalesTerritoryKey
StateProvinceName BirthDate SalesOrderNumber
Founinyegioncocs MaritalStatus SalesOrderLineNumber
EnglishCountryRegionMame i bt =
SpanishCountryRegionNamse
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it DimReseller <900 FactResellerSales
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IpAddressLocator GeographyKey OrderDatekey
=2 -0 ResellerAlternateKey DueDateKey
Phone ShipDateKey
BusinessType Resellarkey
ResellerMame Employeekey
MumberEmployees PromotionKey
OrderFrequency CurrencyKey
OrderMonth SalesTerritoryKey
FirstOrderYear W ¥ SalesOrderNumber v
Figure 1.6: Hybrid Schema for Geography
There are  two fact  tables, dbo.FactInternetSales and

dbo.FactResellerSales. They are related to appropriate dimensions, the
dbo.DimReseller and dbo.DimCustomer tables. For both customers and
resellers, we have the same geography data. There is only one level of the
snowflake lookup table, the dbo.DimGeography table, which is connected
with foreign keys to both aforementioned dimensions. The denormalization
starts in this table, with the hierarchy of country — region — city. This model



i1s quite reasonable; however, for the sake of simplicity, we still prefer a
complete star schema.

One star schema covers one business area. In the example we used so far, the
schema covers reseller sales. What about internet sales? Or product
inventory? In the AdventureWorksbpw2019 database, there are more fact
tables. A single-star schema has a single fact table. Multiple star schemas are
connected through shared dimensions. For example, we could create a
product inventory star schema around the dbo.FactProductInventory table.

Multiple star schemas are connected through shared dimensions. In our
example, reseller sales and product inventory schemas share the product
dimension. However, they do not share the reseller dimension. All the star
schemas in a single database usually share the date dimension.

A database with multiple star schemas, an explicit date dimension, a good
naming convention, and cleansed data in the tables, is called a data
warehouse. A data warechouse 1is stored in a relational database
management system (RDBMS), like Microsoft SQL Server. In an
enterprise, a data warehouse is typically the source for all kinds of reports
and analyses, including Power BI reports. The development of Power BI
reports 1s much faster if a data warehouse is a source. Note also that we
mentioned a good naming convention. The names of the tables and the
columns are frequently shown on the reports directly. Many times, there is
no client application in between that would add descriptive labels. Power BI
allows renaming of the columns for clearer reports; however, a good naming
convention still helps you developing the reports quickly. In addition, you
might use another analytical tool using the same data warehouse data which
does not allow renaming. In such a case, a good naming convention in a DW
also helps keeping the same name for a single column in different tools.

However, developing and maintaining a data warehouse is quite exhaustive
and expensive. Many times, you need ad-hoc reports for the transactional
data. Developing a data warehouse, although highly recommended in longer
terms, might not be feasible for quick reporting. This is no problem for
Power BI; you can query the transactional data directly, and create the star
schema model in Power BI, as you will see in the next chapters of this book.
However, the process of building the Power BI dataset might be much longer
and tiring compared to building it from a data warehouse.
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