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Abstract
Information is one of the most valuable assets of an organization 
and when used properly can assist in intelligent decision making 
that can significantly improve the functioning of an organization. 
Data Warehousing is a recent technology that allows information 
to be easily and efficiently accessed for decision-making activities 
by collecting data from many operational, legacy and possibly 
heterogeneous data sources. This paper provides an overview 
of data warehousing and OLAP technologies, with an emphasis 
on their new requirements. The problem  arise  in  modeling  data  
warehouse  structure is that establishing  an adequate  representation  
of  dimensions  in  order  to  facilitate  and  to  control  the  analysis  
operations. There  is  a  need  to  apprehend  complex  structures  
interconnecting  dimensions  and  facts  in  various  ways. In  this  paper, 
we  propose  a  model  through  which  dimensions  at  different  levels  
can  be  shared  between  different  facts  and  various  relationships  
between  these  facts  can  be  described. Using  this  model,  we  then  
define  the  notion  of well-formed  warehouse  structures.
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I. Introduction
A Data Warehouse (DW) is a database used for reporting and 
analysis. The data stored in the warehouse is uploaded from the 
operational systems. The data may pass through an operational 
data store for additional operations before it is used in the DW 
for reporting. A data warehouse maintains its functions in three 
layers: staging, integration, and access. Staging is used to store 
raw data for use by developers. The integration layer is used 
to integrate data and to have a level of abstraction from users. 
The access layer is for getting data out for users. The main source 
of the data is cleaned, transformed, catalogued and made available 
for use by managers and other business professionals for data 
mining, online analytical processing, market research and decision 
support. A data warehouse maintains a copy of information from 
the source transaction systems. This architectural complexity 
provides the opportunity to integrate data from multiple source 
systems, enabling a central view across the enterprise. This benefit 
is always valuable, but particularly so when the organization has 
grown by merger. There are two leading approaches to storing 
data in a data warehouse — the dimensional approach (known as 
Star schema) and the normalized approach (known as Snowflake 
schema).

A. Few Small Definitions and Their Discussion
1. Star schema resembles a star; one or more fact tables are 
surrounded by the dimension tables as in fig. 1. Dimension tables 
aren’t normalized - that means even if you have repeating fields 
such as name or category no extra table is added to remove the 
redundancy. The facts are stored at a uniform level of detail (the 
grain) in the fact table. Dimension attributes are organized into 
affinity groups and stored in a minimal number of dimension 
tables. Star schemas are designed to optimize user ease-of-use and 

retrieval performance by minimizing the number of tables to join 
to materialize a transaction. Star schema also contains the entire 
dimension hierarchy within a single table. Dimension hierarchy 
provides a way of aggregating data from the lowest to highest 
levels within a dimension. For example, Camry LE and Camry 
XLE sales roll up to Camry make, Toyota brand and cars category. 
Here is what a star schema diagram could look like:

Fig. 1:

Notice that each dimension table has a primary key. The fact 
table has foreign keys to each dimension table. Although data 
warehouse does not require creating primary and foreign 
keys, it is highly recommended to do so for two reasons:  
Dimensional models that have primary and foreign keys provide 
superior performance, especially for processing Analysis Services 
cubes. Analysis Services requires creating either physical or 
logical relationships between fact and dimension tables. Physical 
relationships are implemented through primary and foreign keys. 
Therefore if the keys exist you save a step when building cubes.
The primary benefit of a star schema is its simplicity for users to 
write, and databases to process: queries are written with simple inner 
joins between the facts and a small number of dimensions.
2. Snowflake schema is a logical arrangement of tables in 
a multidimensional database such that the entity relationship diagram 
resembles a snowflake in shape as in fig. 2. The snowflake schema 
is represented by centralized fact tables which are connected to 
multiple dimensions. It resembles a snowflake because dimension 
tables are further normalized or have parent tables.
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Fig. 2:

As such, the tables in these schemas are not normalized much, 
and are frequently designed at a level of normalization short 
of third normal form. Snowflake schemas are often better with 
more sophisticated query tools that create a layer of abstraction 
between the users and raw table structures for environments having 
numerous queries with complex criteria. A snowflake schema 
can sometimes reflect the way in which users think about data. 
Users may prefer to generate queries using a star schema in some 
cases, although this may or may not be reflected in the underlying 
organization of the database.
3. OLAP tools enable users to interactively analyze multidimensional 
data from multiple perspectives. OLAP consists of three basic 
analytical operations: consolidation, drill-down, and slicing and 
dicing. Consolidation involves the aggregation of data that can 
be accumulated and computed in one or more dimensions. For 
example, all sales offices are rolled up to the sales department or 
sales division to anticipate sales trends. In contrast, the drill-down 
is a technique that allows users to navigate through the details. For 
instance, users can access to the sales by individual products that 
make up a region’s sales. Slicing and dicing is a feature whereby 
users can take out (slicing) a specific set of data of the cube and 
view (dicing) the slices from different viewpoints.

III. Problem Discussion
Before discussing about the size of star and snowflake schema’s 
fact table, let us first come to fact table size discussion. We know 
fact table size varies according to database product or application 
like:-

SQL Server  - 1024-30000 records
MySQL   - 65,535 bytes
PostgreSQL -250-1600 records
Oracle  -1000 records
Now coming to snowflake schema’s fact table size:
Fig. below represents the beginning of the snowflake process. The 
category hierarchy is being broken out of the Product Dimension 
table.

Fig. 3:

A. Building the Fact Table
For example, let us take the following simplified star schema:

Fig. 4:

In this schema, there are product, time and store dimensions. 
With ten years of daily data, 200 stores, and 500 products, there 
is a potential of 365,000,000 records (3650 days * 200 stores * 
500 products). This large number of records makes the fact table 
long. Adding another dimension, such as a dimension of 10,000 
customers, can increase the number of records by up to 10,000 
times.

B. Fact Table Size
The previous section discussed how 500 products sold in 200 
stores and tracked for 10 years could produce 365,000,000 records 
in a fact table with a daily grain. This, however, is the maximum 
size for the table. Most of the time, there are far fewer records in 
the fact table. Star schemas do not store zero values unless zero has 
some significance. So, if a product did not sell at a particular store 
for a particular day, the system would not store a zero value. The 
fact table contains only the records that have a value. Therefore, 
the fact table is often sparsely populated.
Even though the fact table is sparsely populated, it still holds the 
vast majority of the records in the database and is responsible for 
almost all of the disk space used. The lower the granularity, the 
larger the fact table. In the previous example, moving from a daily 
to weekly grain would reduce the potential number of records to 
only slightly more than 52,000,000 records.
The data types for the fields in the fact table do help keep it as 
small as possible. In most fact tables, all of the fields are numeric, 
which can require less storage space than the long descriptions 
we find in the dimension tables.
Finally, be aware that each added dimension can greatly increase 
the size of the fact table. If just one dimension was added to the 
previous example that included 20 possible values, the potential 
number of records would reach 7.3 billion.
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IV. Proposed Schema
Managing multiple development efforts on local sites would be 
reasonably difficult for a data warehouse architect. As a result, 
we have given effort in developing an architect which will work 
on multiple sites and will make our task easier from business 
viewpoint. So, we have proposed new schema, we named it as 
Distributed Schema based on logical design so that the performance 
of data warehouse can be enhanced. We know, in general, large 
number of records increases size of the fact table (representing 
here as Parent Fact Table). Parent fact table have more information, 
more number of tables, as a result query execution will be more 
time consuming. So, to overcome this problem, we have used the 
concept of partitioning parent fact table into child fact tables. In 
order to reduce the number of tuples and query execution time, 
we are taking help of child fact tables. Henceforth, Dimension 
table instead of accessing parent fact table will now access child 
fact table. One of the biggest advantages of this schema is that if 
because of certain reason parent fact table gets locked (if admin 
locks it by purpose, etc), then still we can carry forward our work 
with the help of child fact table.

Fig. 4:

V. Algorithm for Proposed Schema

A. Introduction
Multilevel feedback queue-scheduling algorithm allows a process 
to move between queues(high priority and low priority). It uses 
many ready queues and associates a different priority with each 
queue.

B. How it works?
 A multi-level feedback queue scheduling policy gives preference 
to short and I/O bound processes, it also rapidly establishes the 
nature of a process and schedules it accordingly.
Multi-level feedback queues work on priorities. Processes are 
placed in separate queues based on their priority, this in turn is 
based on their CPU consumption and
If a process uses too much of the CPU, it will be given a lower 
priority and therefore get less CPU time than fast and I/O bound 
processes. Any processes that do not complete in their allocated 
time slice / quantum are demoted to a queue of less priority, 
these lower priority queues generally have larger quantum / time 
slices.

C. Advantage
It provides solution for starvation, ie, Aging prevents 
starvation.

D. Working Mechanism 

Fig. 5:
Three queues:
    1. Q0 – time quantum 8 milliseconds
    2. Q1 – time quantum 16 milliseconds
    3. Q2 – FCFS
Scheduling
1. A new job enters queue Q0 which is served FCFS. When it gains 
CPU, job receives 8 milliseconds.
If it does not finish in 8 milliseconds, job is moved to 
queue Q1.
2. At Q1 job is again served FCFS and receives 16 additio-
nal milliseconds. If it still does not complete, it is preem-pted and 
moved to queue Q2.

E. Implementation using the Algorithm

We have considered that child fact table CF1 contains two 
dimension tables namely D1 and D2. D1 and D2 both have n 
no. of attributes.
CF1 = {P1, P2, P3 … Pn}
D1 = {P1, P2 … Pk}
D2 = {P3, P4 … Pm}

In a certain situation, a time may come where P1’s priority is 
much greater than P2, because of frequent updating of P1. But 
this situation can never happen because of Multilevel Feedback 
Queue Algorithm’s mechanism, as this algorithm is a solution to 
starvation, which is its biggest advantage. Hence, a parameter/
attribute can never become stale. Therefore, its contradicting the 
above condition. Hence P1 priority can never be much greater 
than P2.

VI. Conclusion
The concept of distributed schema has been introduced, keeping 
in mind the possibilities of not being able to access the parent fact 
table because of certain reason such as congestion. This schema 
will help us to work on multiple sites, only to make the task 
a lot easier. One can create as many child fact tables as from 
parent fact table, thus making the architecture very flexible for 
its implementation. The cost effectiveness of each child table 
generated can be the future scope of this paper.
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