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ÅB-Trees are not fit for multidimensional data 

ÅR-Trees 

ïMBR as geometry to build multidimensional indexes 

ïInefficient because they allow overlapping between 

neighboring MBRs 

ïR+-trees  - improve the search performance 

Data Warehousing & OLAP ς Wolf-Tilo Balke ς Institut für Informationssysteme ς TU Braunschweig 2 

Summary  



ÅUB-Trees 

ïReduce multidimensional data to one dimension in 

order to use B-Tree indexes 

ïZ-Regions, Z-Curve, use the advantage of bit 

operations to make optimal jumps 

ÅBitmap indexes 

ïGreat for indexing tables with set-like attributes e.g., 

Gender: Male/Female 

ïOperations are efficient and easy to implement 

(directly supported by hardware) 
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Summary  



 5. Optimization 

5.1 Partitioning 

5.2 Joins 

5.3 Materialized Views 
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5. Optimization  



ÅBreaking the data into several physical units 

that can be handled separately 

ÅGranularity and partitioning are 

key to efficient implementation  

of a warehouse 

ÅThe question is not whether  to  

use partitioning, but how  to do it 
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5.1  Partitioning  



ÅWhy partitioning? 

ïFlexibility  in managing data 

ïSmaller physical units allow 

ÅInexpensive indexing 

ÅSequential scans, if needed 

ÅEasy reorganization 

ÅEasy recovery 

ÅEasy monitoring 
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5.1  Partitioning  



ÅIn DWs, partitioning is done to improve: 

ïBusiness query performance , i.e., minimize the 

amount of data to scan 

ïData availability , e.g., back-up/restores can run at 

the partition level 

ïDatabase administration , e.g., adding new columns 

to a table, archiving data, recreating indexes, loading 

tables 
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5.1  Partitioning  



ÅPossible approaches: 

ïData partitioning where data  
is usually partitioned by 

ÅDate 

ÅLine of business 

ÅGeography 

ÅOrganizational unit 

ÅCombinations of these factors 

ïHardware partitioning  

ÅMakes data available to different processing nodes  

ÅSub-processes may run on specialized nodes 
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5.1  Partitioning  



ÅData partitioning levels 

ïApplication level 

ïDBMS level 

 

ÅPartitioning on DBMS level is obvious, but it also 

makes sense to partition at application level  

ïE.g., allows different definitions for each year 

ÅImportant, since DWs span many years and as business 

evolves DWs change, too 

ÅThink for instance about changing tax laws 
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5.1  Data Partitioning  

vs. 



ÅData partitioning, involves: 

ïSplitting out the rows of a table into multiple tables 

i.e., horizontal partitioning  

ïSplitting out the columns of a table into multiple 

tables i.e., vertical partitioning  
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5.1  Data Partitioning  

Master table Horizontal Vertical 

Primary key 



ÅHorizontal partitioning  

ïThe set of tuples of a table is split among disjoint  

table parts 

ïDefinition: A set of Relations {R1ȟȣȟ Rn} represent a 

horizontal partitioning  of Master-Relation R, if and 

only if Ri Ṗ 2ȟ Ri Ẕ Rj z ÁÎÄ 2  ᷾iRiȟ ÆÏÒ ρ  Éȟ Ê  Î 

ïAccording to the partitioning procedure we have 

different horizontal partitioning solutions 

ÅRange partitioning, list partitioning and hash partitioning 
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5.1  Data Partitioning  



ÅRange Partitioning  

ïSelects a partition by determining if the partitioning 

key is inside a certain range 

ïA partition can be represented as a restriction on the 

master-relation 

ÅRi = ʎPi(R), where Pi is the partitioning predicate. The 

partitioning predicate can involve more attributes 

ïP1: Country = ôGermanyõ and Year = 2009 

ïP2: Country = ôGermanyõ and Year < 2009 

ïP3: Country  ôGermanyõ 
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5.1  Horizontal Partitioning  



ÅList Partitioning  

ïA partition is assigned for a list of values  

ÅIf a rowõs partitioning key shows one of these values, it is 

assigned to this partition  

ïFor example: all rows where the column Country is either Iceland, 

Norway, Sweden, Finland or Denmark could be a partition for the 

Scandinavian countries 

ïCan be expressed as a simple restriction  on the 

master relation 

ÅThe partitioning predicate involves just one attribute 

ïP1: City IN (ôHamburgõ, ôHannoverõ, ôBerlinõ) 

ïP2: City IN (DEFAULT) ð represents tuples which do not fit P1 
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5.1  Horizontal Partitioning  



ÅHash Partitioning  

ïThe value of a hash function determines 

membership in a partition 

ÅThis kind of partitioning is often used in parallel processing 

ÅThe choosing of the hash function is decisive: the goal is to 

achieve an equal distribution of the data 

ïFor each tuple t, of the master-table R, the hash 

function will associate it to a partition table Ri 

ÅRi = {t 1ȟ ȣȟ Ôm/ t jᶰ2 and H(t j) = H( tk  ÆÏÒ ρ  Êȟ Ë  Í 
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5.1  Horizontal Partitioning  



ÅIn DW, data is partitioned by the 
ïTime dimension  
ÅPeriods, such as week or month can be used or the data can be 

partitioned by the age of the data 

ÅE.g., if the analysis is usually done on last month's data the table 
could be partitioned into monthly segments 

ïSome dimension  other than time 
ÅIf queries usually run on a grouping of data: e.g. each branch tends 

to query on its own data and the dimension structure is not likely 
to change then partition the table on this dimension 

ïTable size  
ÅIf a dimension cannot be used, partition the table by a 

predefined size .  If this method is used, metadata must be 
created to identify what is contained in each partition 
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5.1  Horizontal Partitioning  



ÅVertical Partitioning  

ïInvolves creating tables with fewer columns and 

using additional tables to store the remaining columns 

ÅUsually called row splitting  

ÅRow splitting creates one-to-one relationships between the 

partitions 

ïDifferent physical storage might be used e.g., storing 

infrequently used or very wide columns on a different 

device 
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5.1  Vertical Partitioning  



ÅIn DW, common vertical partitioning means 

ïMoving seldom used columns from a highly-used 

table to another table 

ïCreating a view  across the two newly created tables 

restores the original table with a performance penalty 

ÅHowever, performance will increase when accessing the 

highly-used data e.g. for statistical analysis  
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5.1  Vertical Partitioning  



ÅIn DWs with very large dimension tables like 

the customer table of Amazon (tens of millions of 

records) 

ïMost of the attributes are rarely ðif at allð queried 

ÅE.g. the address attribute is not as interesting for marketing 

as evaluating customers per age-group 

ïBut one must still maintain the link between the fact 

table and the complete  customer dimension, which 

has high performance costs!  
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5.1  Vertical Partitioning  



ÅThe solution is to use Mini -Dimensions,  a 

special case of vertical partitioning 

ïMany dimension attributes are used very frequently 

as browsing constraints 

ÅIn big dimensions these constraints can be hard to find 

among the lesser used ones 

ïLogical groups of often used constraints can be 

separated into small dimensions which are very 

well indexed and easily accessible for browsing 

DW & DM ς Wolf-Tilo Balke ς Institut für Informationssysteme ς TU Braunschweig 19 

5.1  Vertical Partitioning  



ÅMini-Dimensions, e.g., the Demography table 
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5.1  Vertical Partitioning  

ProdID 
TimeID 
GeoID 

CustomerID 
DemogrID 

Profit 
Qty 

CustomerID 

Last Name 
First Name 

Address 
DemogrID 

DemogrID 

Age group 
Income group 

Area 

Fact table 

Customer 
table 

Demography 



ïAll variables in these mini-dimensions must be 

presented as distinct classes  

ïThe key to the mini-dimension can be placed as a 

foreign key in both the fact and dimension table 

from which it has been broken off 

ïMini-dimensions, as their name suggests, should be 

kept small and compact 
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5.1  Vertical Partitioning  



ÅAdvantages  

ïRecords used together are grouped together 

ïEach partition can be optimized for performance 

ïSecurity, recovery 

ïPartitions stored on different disks: contention 

ïTake advantage of parallel processing capability 

ÅDisadvantages 

ïSlow retrieval across partitions (expensive joins) 

ïComplexity 
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5.1  Partitioning  



ÅUse partitioning when: 

ïA table is > 2GB (from Oracle) 

ïA Table is > 100 Million rows (practice) 

ïThink about it, if table is > 1 million rows 

 

ÅPartitioning does  not  

come for free ! 
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5.1  Partitioning  



ÅPartitioning management  

ïPartitioning should be transparent outside the DBMS 

ÅThe applications work with the Master-Table at logical level 

ÅThe conversion to the physical partition tables is performed 

internally by the DBMS 

ÅIt considers also data consistency as if the data were stored 

in just one table 

ïPartitioning transparency is not yet a standard. Not all 

DBMS support it! 
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5.1  Partitioning  



ÅPartitions in practice 
ïOracle supports Range-, List-, Hash-, Interval-, System-

Partitions as well as combinations of these methods 

ïE.g., partitioning in Oracle: 
ÅCREATE TABLE SALES( 

 ProdID NUMBER, 
 GeoID NUMBER, 
 TimeID DATE, 
 Profit NUMBER) 
 PARTITION BY RANGE(timeID)( 
  PARTITION before 2008 
    VALUES LESS THAN (TO_DATE (õ01-JAN- 
   2008õ, ôDD-MM-YYYYõ)),  
  PARTITION 2008 
    VALUES LESS THAN (TO_DATE (õ01-JAN- 
   2009õ, ôDD-MM-YYYYõ)) 
); 
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5.1  Partitioning Management  



ÅIn Oracle partitioning is performed with the help 

of only one function - LESS THAN 

ïHow can we partition data in the current year? 

ÅALTER TABLE Sales 

 ADD PARTITION after2008 VALUES LESS THAN 

(MAXVALUE); 
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5.1  Partitioning Management  



ÅPartitioning: 
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5.1  Partitioning Management  

RowID ProdID GeoID TimeID Profit 

Χ Χ Χ Χ Χ 

121 132 2 05.2007 8K 

122 12 2 08.2008 7K 

123 15 1 09.2007 5K 

124 14 3 01.2009 3K 

125 143 2 03.2009 1,5K 

126 99 3 05.2007 1K 

Χ Χ Χ Χ 

RowID ProdID GeoID TimeID Profit 

Χ Χ Χ Χ Χ 

121 132 2 05.2007 8K 

123 15 1 09.2007 5K 

126 99 3 05.2007 1K 

RowID ProdID GeoID TimeID Profit 

122 12 2 08.2008 7K 

RowID ProdID GeoID TimeID Profit 

124 14 3 01.2009 3K 

125 143 2 03.2009 1,5K 



ÅIn the data cleaning phase, records can be 

updated. For partition split tables, this means 

data migration:  

ïUPDATE Sales SET TimeID 

= ô05.2008' WHERE RowID 

= 121; 

ÅERROR at line 1: ORA-14402:  

updating partition key column 

would cause a partition change 
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5.1  Partitioning Management  

RowID ProdID GeoID TimeID Profit 

Χ Χ Χ Χ Χ 

121 132 2 05.2007 8K 

123 15 1 09.2007 5K 

126 99 3 05.2007 1K 

RowID ProdID GeoID TimeID Profit 

122 12 2 08.2008 7K 

RowID ProdID GeoID TimeID Profit 

124 14 3 01.2009 3K 

125 143 2 03.2009 1,5K 



ÅData migration between partitions is by default 

disabled 

ïALTER TABLE Sales ENABLE ROW MOVEMENT; 

ïROW MOVEMENT deletes the record from one 

partition and inserts it into another 

ÅThe issue is that RowID  is automatically changed!  
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5.1  Partitioning Management  

RowID ProdID GeoID TimeID Profit 

Χ Χ Χ Χ Χ 

121 132 2 05.2007 8K 

123 15 1 09.2007 5K 

126 99 3 05.2007 1K 

RowID ProdID GeoID TimeID Profit 

122 12 2 08.2008 7K 

13256 132 2 05.2008 8k 



ÅOften queries over several partitions are needed 

ïThis results in joins  over the data 

ïThough joins are generally expensive operations , 

the overall cost of the query may strongly differ 

with the chosen evaluation plan for the joins 

 

ÅJoins are commutative and associative  

ï2 ẚ 3 ḳ 3 ẚ 2  

ï2 ẚ 3 ẚ 4 ḳ 3 ẚ 2 ẚ 4  
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5.2  Join Optimization  



ÅThis allows to evaluate individual joins 

in any order  

ïResults in join trees  

ÅDifferent join trees may show very different 

evaluation performance 

ïJoin trees have different shapes 

ïWithin a shape, there are different  

relation assignments possible 

ÅExample: 2 ẚ 3 ẚ 4 ẚ 5 
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5.2  Join Optimization  
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ÅNumber of possible join trees grows rapidly 

with number of join relations 

ïFor n relations, there are T(n) different tree shapes 

Å  

Å  

ÅòAny number of 1 Ò i Ò n-1 relations may be in the left 

subtree and ordered in T(i) shapes while the remaining n-i 

relations form the right subtree and can be arranged in 

 T(n-i) shapes.ó 
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5.2  Join Optimization  
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ÅOptimizer has 3 choices 

ïConsider all possible join trees 

ÅGenerally prohibitive 

ïConsider a subset of all trees 

ÅRestrict to trees of certain shapes 

ïUse heuristics to pick a certain shape 

 

ÅClassical join order optimization is discussed 

in more detail in the RDB2 lecture 
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5.2  Join Optimization  



ÅRelational optimization of star-joins 

ïStar schema comprises 

a big fact table and 

many small  dimension 

tables 

ïAn OLAP SQL query joins dimension and  

fact tables usually in the WHERE clause 
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5.2  Join Optimization in DW  

Sales 

Product_ID 
Time_ID 
Geo_ID 
Sales 
Revenue 

Product 

Product_ID 
Product group 
Product category 
Description 
Χ 

Geography 

Geo_ID 
Store 
State 
Region 
Country 
Χ 

Time 

Time_ID 
Day  
Week 
Month 
Quarter 
Year 

n 
n 

n 

1 

1 

1 

 sales.ProdID = product.ProdID 
 AND sales.TimeID = time.TimeID 
 AND sales.GeoID = geo.GeoID AND time.Year = 2009 
 AND geo.Country Ґ άDŜǊƳŀƴȅέ  
 AND product.group Ґ άwashing ƳŀŎƘƛƴŜǎέ 



ÅIf the OLAP query specifies restrictions  or 

group byõs on n dimensions, an n+1 order join is 

necessary 

ïJoins can be performed only 

pair-wise, resulting in (n+1)!  
possible joining orders 
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5.2  Join Optimization in DW  

ẚ 

ẚ 

ẚ 

Sales Geo 

Time 

Product 

ʎ country  Ȭ'ÅÒÍÁÎÙȬ 

ʎ month  Ȭ*ÁÎ ςππωȬ 

ʎ group  Ȭ%ÌÅÃÔÒÏÎÉÃÓȬ 



ÅTo reduce the number of join-orders, heuristics  

are used 

ïIn OLTP heuristics show that it is 

not a good idea to join tables 

that are not connected via some  

attribute to each other 

ÅE.g., Geo with Time 

relation leads to a 

Cartesian product 
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5.2  Join Heuristics  

Sales 

Product_ID 
Time_ID 
Geo_ID 
Sales 
Revenue 

Geography 

Geo_ID 
Store 
State 
Region 
Country 
Χ 

Time 

Time_ID 
Day  
Week 
Month 
Quarter 
Year 

n 
n 

n 

1 

1 

1 

 

Geo Time 

ʎ country ȵ'ÅÒÍÁÎÙȰ ʎ month ȵ*ÁÎ ςππωȰ 

Χ 

Χ 



ÅBut this heuristic rule from OLTP is not suitable 
for DW!  

ïE.g., join Sales with Geo in the  
following case:  

ÅSales has 10 mil records, in Germany  
there are 10 stores, in January 2009 
there were products sold in 20 days,  
and the Electronics group has 50 products 

ïIf 20% of our sales were performed in Germany, the 
selectivity is small and an index would not help that 
much  

ÅThe intermediate result would still comprise 2 mil records 
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5.2  Join Heuristics  

ẚ 

Sales Geo 

ʎ country  ȵ'ÅÒÍÁÎÙȰ 



ÅIn star-joins a cross product of the dimension 

tables is recommended 

ïGeo dimension ð 10 stores 

ïTime dimension ð 20 days 

ïProduct dimension ð 50 products 

ï10*20*50 = 10 000 records after 

performing the cross 

product of the dimensions 

ïThe total selectivity is in this case 0.1%  

which is fit for using an index 
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5.2  Dimensional Cross Product  

 

 

ẚ 

Geo Time 

Product 

ʎ country ȵ'ÅÒÍÁÎÙȰ ʎ month ȵ*ÁÎ ςππωȰ 

ʎ 
group ȵ%ÌÅÃÔÒÏÎÉÃÓȰ 

Sales 



ÅBut dimension cross products can also become 

expensive 

ïIf the restrictions on the dimensions are not 

restrictive enough  or if there are many dimension 

tables 

ÅE.g. query for the sales of all electronic products 

of a company in 2010: 

ïThe company has 100 stores in Germany and it sells 

1000 types of electronics products  

ïIn 2010 it sold products in 300 working days  
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5.2  Dimensional Cross Product  



Å100 stores * 300 days * 1.000 products = 30 mil 
recordsé 

 

 

 

 

 

 

ÅVery expensive to compute 
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5.2  Dimensional Cross Product  

 

 

ẚ 

Geo Time 

Product 

ʎ country ȵ'ÅÒÍÁÎÙȰ ʎ ÙÅÁÒ ȵςπρπȰ 

ʎ 
group ȵ%ÌÅÃÔÒÏÎÉÃÓȰ 

Sales 

30 000 

100 300  

30 000 000 

1 000 

100 000 000 



ÅIBM DB2 solution for expensive dimension cross 

products  

ïBuild B*-Tree indexes on the fact table for each 

dimension  

ïApply a semi-join on each index and the 

corresponding dimension 
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5.2  Star-Join Optimization  

Geo 

ʎ country ȵ'ÅÒÍÁÎÙȰ 

ẛ 

Index on Sales(GeoID) 

Keep all index entries for the  
Sales fact table for sales in Germany 


