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Abstract

Most star schema queries retrieve data from a fact table using WHERE clause column restrictions in dimension tables. Clustering is more important than ever with modern disk technology, as explained below. Relatively new database indexing capabilities, e.g.: DB2's Multi-Dimensional Clustering (MDC) introduced in 2003 [11], provide methods to "dice" the fact table along a number of orthogonal "dimensions", which must however be columns in the fact table. The diced cells cluster the fact rows on several of these "dimensions" at once so that queries with range restrictions on several such columns can access crucially localized data and provide much faster query response. Unfortunately the columns of the dimension tables of the star schema are not usually represented in the fact table, except in the uncommon case where the foreign keys for a dimension provide a hierarchy based on their order, as with the Date dimension.


In this paper, we take the approach of adjoining physical copies of a few dimension columns to the fact table. We choose columns at a reasonably high level of some hierarchy commonly restricted in queries, e.g., date_year to fact_year or customer_nation to fact_nation, to ensure that the diced cubes that result are large enough that sequential access within the cubes will amortize the seek time between them, yet small enough to effectively cluster query row retrieval. We find that database products with no dicing capabilities can gain such capability by adjoining these dimension columns to the fact table, sorting the fact table rows in order by a concatenation of these columns, and then indexing the adjoined columns. We provide benchmark measurements that show successful use of this methodology on three commercial database products. 

1. Introduction

This paper deals with improving performance of star schema queries in a database-resident data warehouse. A data warehouse typically consists of multiple star schemas, called data marts, each with a distinct fact table that conforms in use of common dimensions (see [6], page 79, Figure 3.8). Fact tables for the distinct data marts might include: Retail Sales, Retail Inventory, Retail Deliveries, etc., all conforming in use of common dimensions such as Date, Product, Store and Promotion. Here is an example of a Star Schema from [6], with a POS (Point of Sale) Transaction fact table.
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In general, dimension tables have relatively small numbers of rows compared to the fact table. The POS Transaction fact table above has nine columns, a total of 40 bytes, and we can expect disks on an inexpensive PC to contain a fact table of a few hundred gigabytes, or several billion rows, while the largest dimension table is usually Products, with up to a few million rows. (There are only a few thousand rows in Dates, Stores, etc.). As a result, practitioners commonly place a large number of defined columns in dimensions, e.g., for Product: ProdKey (artificial key), Product Name, SKU (natural key), Brand Name, Category (paper product), Department (sporting goods), Package Type, Package  Size, Fat Content, Diet Type, Weight, Weight  Units, Storage Type, Shelf Life, Shelf Width, etc.


Thus most queries on the Star Schema will restrict the fact table with WHERE clauses on the dimension columns, e.g.: retrieve total dollar sales and profit of sporting goods at stores in Illinois during the last month. (GROUP BY queries might compare this to sales in all stores of each state near Illinois.)


In some database systems, dimension table predicates are commonly applied to the fact table by gathering the primary keys in each restricted dimension, translating to identical foreign keys in the fact table, and ORing together all such foreign key values in the fact table using indexes on this foreign key (this is a reasonably efficient form of nested loop join). This is repeated for all dimension restrictions, and then the results are ANDed to give the final answer. As we will show in Section 2, a restriction imposed on the fact table by the conjoined filter factor of these dimensional restrictions loses out with modern disks to a sequential scan if the filter factor is larger than about 0.0001, since it has become so much more efficient to retrieve all disk pages in sequence than to retrieve a selected subset of disk pages. For vertically partitioned database products such as Vertica and Sybase IQ, the filter factor must be smaller yet, since disk pages contain so many more column values per disk page.


For queries retrieving more than 0.0001 of the fact data, clustering is needed to save us from having to scan the entire fact table range. The challenge is to cluster in a way that supports commonly used query restrictions, which as we have discussed above usually involves multiple dimension table columns.

1.2 Contribution of this Paper

1.
We introduce a design of adjoined dimension columns (we refer to this as ADC) of commonly queried hierarchies to a fact table. This can help MDC cluster on dimension table columns and speed up many queries that have predicates on these hierarchies.

2. We show how ADC can provide clustering on other database products with well designed indexing on our adjoined dimension columns. In both cases 1 and 2, we can refer to our methodology as ADC Indexing.

3.
We explain the design of a Star Schema benchmark (SSB) based on the normalized TPC-H benchmark, and demonstrate the improved performance of three commercial database products using ADC indexing. 

1.3 Outline of What Follows

In Section 2, we provide measurements showing loss of index performance over the last few decades, and explain details of ADC Indexing. In Section 3, we introduce the star schema benchmark (SSB) design. In Section 4, we present our experimental results, and provide analysis. Section 5 contains our conclusions.

2.  Introducing ADC Indexing

In this section, we explain some of the background to our approach to performance improvement. We will first show how query performance is now less likely to be improved by secondary index access with moderate filter factors than it was fifteen to twenty years ago; this is because sequential scans have become relatively so much more efficient. We then introduce and explain details of Adjoined Dimension columns in a star schema, and show how it can theoretically improve performance in DB2 (using MDC) and other DBMS products which support efficient indexing.

2.1  Filter Factors and Clustering

Over the past twenty years, the performance of indexed retrieval with a moderate sized filter factor [12] has lost its competitive edge compared to sequential scan of a table. We show this with a comparison of Set Query Benchmark (SQB) [8] measurements taken in 1990 on MVS DB2 and those taken in 2007 on DB2 UDB running on Windows Server 2003.

The SQB was originally defined on a BENCH table of one million 200-byte rows, with a clustering column KSEQ having unique sequential values 1, 2, 3,…,, and a number of randomly generated columns whose names indicate their cardinality, including: K4, K5, K10, K25, K100, K1K, K10K and K100K. Thus for example K5 has 5 values, each appearing randomly on approximately 200,000 rows. Figure 2.1 shows the form of query Q3B from the Set Query Benchmark.

         SELECT SUM(K1K) FROM BENCH


WHERE (KSEQ BETWEEN 40000 and 41000


OR KSEQ BETWEEN 42000 and 43000


OR KSEQ BETWEEN 44000 and 45000


OR KSEQ BETWEEN 46000 and 47000


OR KSEQ BETWEEN 48000 and 50000)


AND KN = 3;  -- KN varies from K5 to K100K


Figure 2.1 Query Q3B from SQB

In our 2007 measurement on a Windows system (described below in the first paragraph of Section 4), we performed Query Q3B on DB2 UDB with a BENCH table of 10,000,000 rows (instead of the original 1,000,000 rows). DB2 MVS and DB2 UDB results for query Q3B are given in Table 2.1.

Table 2.1 Q3B measures: 1990 & 2007

	KN

Used

in

Q3B
	Rows Read 

(of 1M)
	DB2 MVS Index usage
	DB2 UDB Index

usage
	DB2 MVS Time secs
	DB2 UDB

Timesecs

	K100K
	1
	K100
	K100
	1.4
	0.7

	K10K
	6
	K10K
	K10K
	2.4
	3.1

	K100
	597
	K100, KSEQ
	KSEQ
	14.9
	2.1

	K25
	2423
	K25, KSEQ
	KSEQ
	20.8
	2.4

	K10
	5959
	K10, KSEQ
	KSEQ
	31.4
	2.3

	K5
	12011
	KSEQ
	KSEQ
	49.1
	2.1


As summarized in Table 2.1, the query plans for DB2 MVS and DB2 UDB turn out to be identical for the KN cases K100K, K10K, and K5. 

What has changed greatly are the query plans in the KN range K100, K25 and K10. In that range, DB2 MVS took a RID-list UNION of the five KSEQ ranges. ANDed that with the appropriate KN = 3 RID-list, then used list prefetch to access the rows and sum K1K values. The 2007 DB2 UDB, although capable of performing the same indexed access as DB2 MVS, chose instead to perform five sequential accesses on the clustered KSEQ ranges, validating the KN value, and summing K1K for qualifying rows. This is the same plan used by DB2 UDB for K5, and its times for these cases are nearly independent in the range K100 down to K5. In fact, DB2 UDB could have chosen this plan for K10K as well, improving the elapsed time from 3.14 seconds down to about 2.1 seconds. Only at K100K does the use of the KN index actually improve the elapsed time today.

We therefore claim that the K10K case (with filter factor 1/10,000) is near the "indifference point" at which DB2 UDB should start to switch over to a series of sequential scans, rather than using  secondary index access to rows. With roughly 20 rows per page, a filter factor of 1/10,000 will pick up about one disk page out of 500; In MVS DB2 17 years ago, the indifference point fell at filter factors that picked up about one disk page out of 13; thus the usefulness of filter factor for indexed access has dropped by about a factor of 500/13 = 38.5 in this period, corresponding with the difference in speed of sequential access in the two Set Query cases, about 1.43 MB/sec for DB2 MVS, and 60 MB/sec for DB2 UDB, a ratio of 60/1.43 = 42. Random access performance has changed much less, causing the indifference point shift.

We conclude that clustering, always an important factor in performance enhancement, has become more crucial than ever, while secondary indexes are still useful in “needle-in haystack” queries, ones with filter factor at or below 1/10000.

 2.2 Primary and Dimensional Clustering

The concept of clustering table data in order to speed up common Query range restrictions on a single column has been used for many years. In the 1980s there were companies collecting marketing data for up to 80 million U.S. households (see [8], Section 6.1.2) and performing multiple queries to craft sales promotion mailings of the right size, typically for specific regions of the U.S. Data was clustered by zip code, and a typical direct mail query would be of the Q3B form shown in Figure 2.1, where KSEQ corresponds to zip code. (Of course each zip code would lie on multiple rows in that case, but as in Q3B, each geographic region would typically correspond to a union of disjoint zip code ranges.) Additional restrictions, on incomeclass for example, would correspond to the KN = 3 restriction.


Other companies used queries that concentrated on recent sales information (or compared sales from the most recent week to the period a year earlier), so that clustering on sales date was a clear winning strategy.

Such clustering does very well when there is one standout among columns to sort the data that will speed up most queries of interest. But what if there is not? The Star Schema pictured on page 1 has dimensions: Date, Product, Store, and Promotion. Many queries on data marts restrict ranges on several common hierarchies within these dimensions. The Time dimension has a day-week-month-quarter-year hierarchy (weeks and months do not roll up but range in the same order), but some queries restrict the Time dimension outside the hierarchy, such as Holidays, Major Events, etc. A common Product dimension hierarchy is SKU-Product_Family-Brand-Category-Department; (Product _Family might be Microsoft Word, and SKU might be Microsoft Word 2000 for the Mac with American English), but other queries exist restricting Shelf life, Package Type, Package Size, etc. A common Store hierarchy is geographic: Zip_Code-City-District-Region-Country, but other queries might restrict stores by Selling Square Footage, Floor Plan Type, Parking Lot Size, etc. 

From these taxonomies we see an important point:

Dimensional Clustering is Not a Panacea. While we look to improve query performance by clustering data on dimension hierarchies, this will not always be effective, since some queries will restrict only columns outside the common hierarchies.

2.3 DB2's Multi-Dimensional Clustering 

DB2 was the first database product to provide an ability to cluster by more than one column at a time, using MDC, introduced in 2003 [11, 1, Ken, 2, 4, 3, 7]. This method partitions table data into cells (physically organized as Blocks in MDC), by treating some columns within the table as orthogonal axes of a cube, each cell corresponding to a different combination of individual values of these cube axis columns. The axes are declared as part of the Create Table statement with the clause ORGANIZE BY DIMENSIONS (col1, col2,…). A Block in MDC is a contiguous sequence of pages on disk identified with a table extent, and a block index is created for each dimension axis. Every value in one such block index is followed by a list of Block Identifiers (BIDs), forming what is called a Slice of the multi-dimensional cube corresponding to a value of one dimension. The set of BIDs in the intersections of slices for values on each axis is a Cell.


The "dimensions" of a table in MDC are columns within the table, and all equal-match combinations of dimension column values are used to define cells, except in one case. Ordered columns such as Date can have rollup functions defined, for example rolling up day values to define date hierarchies Month or Year [Pad, 5], and these rollup values can then be used in dimensions to define MDC cells.


DB2 takes great care to make modifications to the table easy once it is in MDC form. A "Block Map" identifies blocks that are Free, and inserts of new rows into a given cell will either use a block for that cell with space remaining or (the overflow case) assign a new Free block to the cell. If a row is to be inserted into a new cell (e.g., because of a new month dimension value), the same approach is used to assign Free blocks.  MDC can recognize when a block becomes empty after a delete, and Free it. Indeed, it is a feature that the oldest month slice of cells (say) can be dropped all at once with no cost, a capability known as Rollout [2, 5].

2.4 Adjoined Dimension Column Index

Our ADC approach adjoins physical copies of a several dimension columns to the fact table. We choose columns at a rather high level in some hierarchy commonly restricted in queries, e.g., Customer_nation or Part_department. The point of using only a few high-level hierarchy columns is to generate a relatively small number of conjoint values of the columns making up cells in the cube. Thus we ensure that the cells contain enough data that sequential access within the cell can outweigh disk inter-cell access. The right number of cells depends on the size of the fact table and disk performance. We will discuss this further with the benchmark measurements of Section 4.


Since a column such as Customer_nation in the Customer dimension table has a well-defined set of primary key values for each value,  and since all rows in the fact table have foreign keys that match any dimension primary key, the foreign key for Customers will determine the value to be assigned to the adjoined column Fact_Cnation. This will also hold for insertions of new rows into the fact table.


We also note that with only a small number of values for such columns, there is no need for the adjoined column to match a long text string; the values assigned can be simple integers 1, 2,…, probably requiring no more than a byte of space, and a CASE statement can be used to attach names (Canada, France, etc.) to these integers for use by SQL. This reduces disk space needed to adjoin these columns in the (usually quite large) fact table.

Applying ADC to MDC 

We demonstrate below that the ADC Indexing works well with the native Block indexing of MDC. There are frequent injunctions to the user in MDC documentation to coarsen the columns chosen for multi-dimensional clustering, but since only monatonic columns such as datekey or latitude can have rollups functionally defined, we see no useful suggestion how such coarsening can result in a valuable set of column values. ADC addresses this difficulty. Recall that the foreign keys of newly inserted row determine the values of adjoined columns, ad once these values are known, MDC will place the row into the appropriate cell.

Applying ADC to Other DBMS Products

The Oracle database product has a Partitioning feature [10] that supports dimensional cubing into cells, while some other database products can support cubing if they have sufficiently precise indexing. 


The cubing approach one can use with indexing is to sort the rows of the fact table by a concatenation of the adjoined columns, so that different combinations of individual values of these columns that make up the cells of the cube fall in contiguous bands placed in increasing dictionary order on the sorted table. Given rows sorted by four such columns, c1, c2, c3 and c4, then we will have the following situation. The leading column c1 in the concatenated order will generate long blocks in the sorted table, one for each increasing value of c1, while the second column c2 of the concatenated order will generate blocks for increasing values of c2 in the range of each individual value of c1, and so on up to column c4. The most finely divided bands will correspond to all combinations of individual columns, or in other words will define the cells of the cube. If the column values are those chosen to generate cells in MDC, supporting sequential access within each cell that swamps inter-cell access, this will also hold for concatenated bands generated in the ordered table.


Given an index on each of these adjoined columns, any query with WHERE Clause ranges restrictions on the hierarchy for the adjoined columns will select a number of cells comparable to the volume of the conjoined ranges compared to the total volume of the cube. While it might seem that a range of several values on column c1, for example, will select a wide band of fact table rows, efficient indexing will respond to ranges on c2, c3 and c4 by creating a very finely divided bitmap foundset to select only the cells that sit in or on the border of the intersection of ranges. Indeed, these individual column indexes correspond loosely with the Block indexes in MDC, and can be nearly as efficient if the index performs efficient intersections. Vertica and Sybase IQ are two examples of database products with such indexes.

ADC Weaknesses 

There are some weaknesses that arise in adjoining copies of dimension columns to the fact table without any native support from the DBMS, but nothing so serious that they cannot be overcome in practice. We will cover these weaknesses here.

1.
When a new row with adjoined columns is inserted, the value of those columns are determined by the foreign keys of the row. If these values are assigned before the row is inserted, MDC will guarantee that the row goes into the appropriate cell. For cells created by loading rows in concatenated order of adjoined column values, however, new rows will generally not be inserted in the appropriate cell, but wherever it is convenient, normally the end of the table.


This is not a serious problem in most data warehouses, since they are not continuously updated, but rather reloaded at regular intervals, perhaps daily. Occasional updates to correct errors in such loads are performed, but a small number of rows out of order on the cells will not seriously impact performance.

2.
A second problem that arises in adjoining copies of dimension columns to the fact table without native support is that queries do not identify the fact table columns with the dimension columns. When restricting to a given customer.nation value, for example, we would need to restrict fact.cnation instead. This type of query modification is not a crucial problem, however, and indeed compares with a need for query modification in all database products that do not have native understanding of hierarchies (which is, basically, all of them). If we restrict a query with the dimension value customer.city = 'Rome', we must adjoin it with a restriction customer.nation = 'Italy'. This is true in MDC tables, for example, even though there is no ambiguity in the name 'Rome' as a customer.city value. 

3. The Star Schema Benchmark

The Star Schema Benchmark [9], or SSB, was devised to evaluate database system performance of star schema data mart queries. The schema for SSB is based on the TPC-H benchmark, but in a highly modified form. The details of this modification might be helpful to data warehouse practitioners in providing some insight into an important question: Given a database schema that is in normalized form, how can it be transformed to star schema form (or to multiple star schemas with common dimensions) without loss of important query information? We give a very short description of the SSB transformation here, but a complete description is on the Web at [9]. SSB was used by Vertica Systems to compare their product with a number of major commercial database products on Linux [13]. The current paper presents measures of database system performance on Windows, and Vertica is not among the products measured.

Figure 3.1 gives the Schema layout of the TPC-H benchmark, taken from [14]. We presume the reader is familiar with TPC-H schema conventions: for example: P_NAME is a column in the PART table, SF stands for the Scale Factor of the benchmark, and the LINEITEM table has 6,000,000 rows in a benchmark with SF = 1, but 600,000,000 in a benchmark with SF = 100.
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Figure 3.1 TPC-H Schema



Figure 3.2 SSB Schema

3.1 TPC-H to SSB Transformation

We were guided in major aspects of our transformation from TPC-H to SSB by principles explained in [6]. Here are a few explanations of modifications that were made.

1. Create an SSB LINEORDER Table. We combined the LINEITEM and ORDER table in SSB to make a LINEORDER table. This denormalization is standard in data warehousing ([6], page 121), and makes many joins unnecessary in common queries. Of course the LINEORDER table has the cardinality of the LINEITEM table, with a replicated ORDERKEY tying items together.

2. Drop PARTSUPP Table. We drop the PARTSUPP table of TPC-H because of a "grain" mismatch. While TPC-H LINEITEM and ORDER tables (and the SSB LINEORDER table) are added to with each transaction (we say the LINEORDER table has the finest Transaction Level grain), the PARTSUPP table has what is called a Periodic Snapshot grain, since there is no transaction key. (These terms are from [6].) This means that PARTSUPP in TPC-H is frozen in time. Indeed, TPC-H has no refreshes over time to PARTSUPP as rows are added to LINEORDER.


While this might be acceptable as long as PARTSUPP and LINEORDER are always treated as separate fact tables (i.e., separate data marts in Kimball’s terms), queried separately, and never joined together, even then we might wonder what PS_SUPPLYCOST could mean when held constant over a Date range of seven years). But at least one TPC-H Query Q9 combines LINEITEM, ORDERS and PARTSUPP is in the FROM clause.


In any event, the presence of a PARTSUPP table in TPC-H design seems of little use in a query oriented benchmark, and one cannot avoid the thought that it was included simply to create a more complex join schema. It is what one would expect in transactional design for placing retail orders, where in adding an order lineitem for some part, we would access PARTSUPP for the minimal cost supplier. But this is inappropriate for a Data Mart. Instead, we create a column SUPPLYCOST for each LINEORDER row in SSB to contain this information, correct as of the moment when the order was placed.

For other transformation details from TPC-H to SSB, we refer the reader to [9]. For example, TPC-H SHIPDATE, RECEIPTDATE, and RETURNFLAG columns are all dropped since the order information must be queryable prior to shipping, and we didn't want to deal with a sequence of fact tables as in [6], pg. 94. In addition, TPC-H has no columns with relatively small filter factor so we add a number of rollup columns, such as P_BRAND1 (with 1000 values), S_CITY and C_CITY, and so on. 

3.2 Query Suites for SSB

The Queries of SSB are grouped into Query Flights that represent different types of queries--different number of restrictions on dimension columns for example--while queries within a Flight vary selectivity of the clauses so that later queries have smaller filter factors. Query Flight 1, consisting of Q1.1, Q1.2 and Q1.3, is based on TPC-H Query 6, except that shipdate (removed from SSB) is replaced by orderdate. Q1.1 has an equal match predicate on d_year, Q1.2 on d_month, and Q1.3 on d_week. This Flight has only one dimension column restriction and a restriction on the fact table LINEORDER, rare in Data Mart queries. Query Flight 2 has a restriction on two dimension columns, and Query Flight 3 has restrictions on three. Query Flight 4 emulates a What-If sequence of queries in OLAP. See Appendix A for a list of SSB queries and Table 3.1 for the list of cluster factors on the various tables for all queries. 

We speak of Cluster Factors in Table 3.1, because all restrictions are contiguous ranges, i.e., equal match queries on higher order columns of a dimension hierarchy, which amounts to a range that restricts cells in the cube; therefore all these Filter Factors are clustering. The term is NOT meant to imply that all of these clustering columns lie in a hierarchy with a column used to sort order the LINEORDER table as 

part of ADC Indexing.

4. Experimental Results

We measured three commercial database products, anonymized with names A, B and C, using SSB tables at Scale Factor 10 (SF10). These tests were run on a Dell 2900 running Windows Server 2003., with 8 gigabytes (GB) of RAM, two 64-bit dual-core processors (3.20 GHz) and data on RAID0 with 4 Seagate 15000 RPM SAS disks (136 GB each), stripe size 64KB. 

All Query runs were from cold starts. Parallelism to support disk read ahead was employed on all products to the extent possible.

We measured two different forms of load for the LINEORDER table, one with no adjoined columns from the dimension tables (a regular load, known as the BASIC form), and one with four dimension column values adjoined to the LINEORDER table, d_year, s_region, c_region and p_category, with cardinalities 7, 5, 5, and 25, and LINEORDER data sorted in order by the concatenation of these columns (known as the ADC form). Even products that supported materialized views could not sort the LINEORDER data to achieve ADC form, so we started with a regular load of the LINEORDER table and ran the following query writing output to an OS file:

select L.*, d_year, s_region, c_region, p_category 


from lineorder, customer, supplier, part, date


where lo_custkey = c_custkey




and lo_suppkey = s_suppkey 



and lo_partkey = p_partkey



and lo_datekey = d_datekey 


order by d_year, s_region, c_region, p_category;
The output data resulting was then loaded into the product database in ADC form, with new columns in LINEORDER being given names lo_year, lo_sregion, lo_cregion, lo_category; LINEORDER data remains ordered as it was in the output. 

As explained in Section 2.2.1, the ADC form provides clustering support for improved performance of many of the queries of the SSB. In the case of the BASE form, we attempted to cluster data by lo_datekey using native database clustering capabilities (there are 2556 dates), but found while this improved performance on Q1, it degraded performance on the other query flights. Thus the clustering was dropped.

In the ADC form, the number of the most finely divided cells in this concatenation is 4375 (875 in the product where p_mfgr replaced p_category). Since the SF10 LINEORDER table takes up around 6 GB, this will result in cell sizes of about 1.37 MB (megabytes). Disk arm access between blocks required about 3 ms on the disks used, and sequential access (on the 4 RAID0 disks) ran at a rate of 100-140 MB/second. At 100 MB/second, the 1.37 MB cell will be scanned in about 13.7 ms. Summing the seek and pickup time, each 1.37 MB block can be read in 3 + 13.7 = 16.7 ms, an average rate of 1.37 MB/0.0167 sec = 82 MB/sec. Of course for larger Scale Factors we would be able to get away with more cells without losing proportionally more time to inter-cell access.

There are two important points. First, the load of the ADC fact table, since it involves a sort, will take a good deal longer than an unordered load of BASE table. Second, since we adjoin clustering columns to the fact table in ADC, we will expect somewhat more space to be utilized. This space need not be large, however, since we can replace the columns themselves in the fact table with proxy columns having int values (there are only 5 to 25 values in the columns we adjoin, and ints will be compressed in most products to only a few bits to represent such values). We can then use a view on the table that accepts normal column values in queries and uses a case statement to access the corresponding integers these proxy columns. The fact table data still needs to be ordered by the concatenation of these foreign column values, however.

Table 4.1 gives load time and disk space required for the BASE and ADC forms of the three products A, B, and C. 

Table 4.1 Load Time (minutes) & Disk Space Use

	
	A
	B
	C

	
	Base
	ADC
	Base
	ADC
	Base
	ADC

	ADC data extract time
	
	39
	
	45
	
	15

	Lineorder load time
	18
	13
	6
	21
	9
	8 

	Index load

time
	14
	16
	16
	19
	20 
	10

	Total load

time
	32
	68
	22
	85
	29
	33

	Lineorder space, GB
	5.1
	7.5
	5.8
	6.2
	2.2
	3.0

	Index space, GB
	2.8
	3.1
	0.8
	2.8
	1.2
	1.3

	Total space, GB
	7.9
	10.6
	6.6
	9.0
	3.4
	4.3


Recall that for products providing some native means of clustering (partitioning, etc.), such native clustering was used in addition to ADC sorting of LINEORDER by the adjoined columns. We also tried native clustering of the sorted data without creating indexes on the four columns, but indexing the four columns invariably improved performance. No product clustering we found gave any meaningful improvement 

to the BASE case. 4.1 Query Performance

Table 4.2 contains the Elapsed and CPU time for SSB Queries, with a Table Scan (Q_TS) at the top. For product C, with is vertically partitioned, Q_TS scans a single column. We note in Table 4.2 that the ADC sorted fact table measures, some with native clustering, support much faster execution of all queries on all products than the BASE case. (No native clustering was used for Product C.) All Elapsed and CPU time comparisons that follow reference the Geometric Means. For Product A the ratio of BASE Elapsed time to ADC Elapsed time is 12.4 to 1; the CPU ratio is 14.1 to 1. For Product B, the Elapsed time ratio is 8.7 to 1 and for CPU it is 5.8 to 1. For Product C, the Elapsed time ratio is 5.48 to 1 but the CPU ratio is unreliable due to significant measurement error at small CPU times. We note that the best Elapsed times occurred for product C, both in the Base Case and the ADC Case. This might be due to the fact that only a few columns were retrieved in most queries, and vertically partitioned products are known to have an advantage in such queries. Two of our queries were based on TPC-H, however, and seem relatively realistic. In any event, the speedup of Product C going from the BASE case to the ADC case is due entirely to the good indexing story; there was no native clustering capability in Product C.  

There were a number of cases where the Query Optimizers became confused in the ADC case, since the WHERE clause restrictions on columns in the dimensions could not be identified with the columns brought into the LINEORDER table. Accordingly, we modified queries to refer either to columns in the dimensions or in the LINEORDER table and chose the best performer. This would not normally be appropriate for ad hoc queries, only for canned queries, but we reasoned that a query optimizer upgrade to identify these columns was a relatively simple one, so our modification assumed that could be taken into account.

.
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In addition there were a few cases where clauses that restricted some dimension hierarchy column were not recognized as clustering within one of the columns on which the lineitem table was sorted (as when d_yearmonth = 199401 might not be recognized as falling in d_year = 1994). Clearly, such dimensional hierarchies should be a priority for query optimizers supporting data warehousing, and we added clauses in these few cases. It is particularly interesting that no such problem arose with Product C, which had such precise indexing that it invariably recognized what cells of the ADC various WHERE clause predicates were restricted to.

4.1 Results by Cluster Factor 

In Figure 4.3, we plot elapsed time for the queries against the Cluster Factor (CF), plotted on a log-scale X-axis. At the low end of the CF Axis, with CF below 1/10000, we see that secondary indexes are quite effective at accessing the few rows that qualify, so ADC holds little advantage over the BASE case. For CF = 1, the tablescan case, the whole table is read regardless of ADC, and the times again group together. For CF between 1/10000 and 1 where the vast majority of queries lie, ADC is very effective at reducing query times compared to the BASE case, from approximately tablescan-time down to a few seconds (bounded above by ten seconds).

5. Conclusions

Our theory and measurements jibe to demonstrate the value of ADC in accelerating accesses of Star Schema queries, when the ADC columns used are carefully chosen to subdivide dimensional hierarchies commonly used. Additional dimension columns can be brought into the fact table, but it is important to remember that the entire point of a star schema design is to support a reasonably thin fact table, which means keeping most columns in the dimension tables. Only the columns used in clustering earn their place in the fact table.

[image: image4.emf]0

10

20

30

40

50

60

70

80

90

100

0.00000010.000001 0.00001 0.0001 0.001 0.01 0.1 1

Cluster Factor (log

)

Elapsed time, seconds

A (Base)

B (Base)

C (Base)

A (MCC)

B (MCC)

C (MCC)



Figure 4.3 Query Times by Cluster Factor

We should also bear in mind that this Star Schema Benchmark is a simple one, with only four Query flights and four dimensions, with a rather simple roll-up hierarchy. With more complex schemas, more queries of interest would not be accelerated. Of course this has always been the case with clustering solutions: they don't improve performance of all queries. Still, there are many commercial applications where clustering is an invaluable aid.

Appendix A: Star Schema Benchmark

Q1.1


select sum(lo_extendedprice*lo_discount) as revenue


from lineorder, date


where lo_orderdate = d_datekey and d_year = 1993



and lo_discount between1 and 3 and lo_quantity < 25;

Q1.2

select sum(lo_extendedprice*lo_discount) as revenue


from lineorder, date


where lo_orderdate = d_datekey and d_yearmonth = 199401



and lo_discount between 4 and 6 



and lo_quantity between 26 and 35;

Q1.3

select sum(lo_extendedprice*lo_discount) as revenue


from lineorder, date


where lo_orderdate = d_datekey and d_weeknuminyear = 6



and d_year = 1994 and lo_discount between 5 and 7



and lo_quantity between 26 and 35;

Q2.1


select sum(lo_revenue), d_year, p_brand1


from lineorder, date, part, supplier


where lo_orderdate = d_datekey and lo_partkey = p_partkey



and lo_suppkey = s_suppkey and p_category = 'MFGR#12'



and s_region = 'AMERICA'


group by d_year, p_brand1 order by d_year, p_brand1;

Q2.2

select sum(lo_revenue), d_year, p_brand1

  from lineorder, date, part, supplier

  where lo_orderdate = d_datekey and lo_partkey = p_partkey

    and lo_suppkey = s_suppkey and p_brand1 between

    'MFGR#2221' and 'MFGR#2222 and s_region = 'ASIA'

  group by d_year, p_brand1 order by d_year, p_brand1;

Q2.3

select sum(lo_revenue), d_year, p_brand1

  from lineorder, date, part, supplier

  where lo_orderdate = d_datekey and lo_partkey = p_partkey

    and lo_suppkey = s_suppkey and p_brand1 = 'MFGR#2221'

    and s_region = 'EUROPE'

  group by d_year, p_brand1 order by d_year, p_brand1;

Q3.1

select c_nation, s_nation, d_year, sum(lo_revenue) as revenue


from customer, lineorder, supplier, date


where lo_custkey = c_custkey and lo_suppkey = s_suppkey



and lo_orderdate = d_datekey and c_region = 'ASIA' 



and s_region = 'ASIA'



and d_year >= 1992 and d_year <= 1997

  group by c_nation, s_nation, d_year


order by d_year asc, revenue desc;

Q3.2

select c_city, s_city, d_year, sum(lo_revenue) as revenue

  from customer, lineorder, supplier, date

  where lo_custkey = c_custkey and lo_suppkey = s_suppkey

     and lo_orderdate = d_datekey and c_nation = 'UNITED STATES'

     and s_nation = 'UNITED STATES'

     and d_year >= 1992 and d_year <= 1997

   group by c_city, s_city, d_year

   order by d_year asc, revenue desc;

Q3.3

select c_city, s_city, d_year, sum(lo_revenue) as revenue

   from customer, lineorder, supplier, date

   where lo_custkey = c_custkey and lo_suppkey = s_suppkey

     and lo_orderdate = d_datekey and c_nation = 

     'UNITED KINGDOM' and (c_city='UNITED KI1' or 





c_city='UNITED KI5')

     and (s_city='UNITED KI1' or s_city= 'UNITED KI5')

     and s_nation = 'UNITED KINGDOM'
     and d_year >= 1992 and d_year <= 1997

  group by c_city, s_city, d_year  order by d_year asc, revenue desc;

Q3.4

select c_city, s_city, d_year, sum(lo_revenue) as revenue

   from customer, lineorder, supplier, date

   where lo_custkey = c_custkey and lo_suppkey = s_suppkey

     and lo_orderdate = d_datekey and c_nation = 'UNITED
     KINGDOM'    and (c_city='UNITED KI1' or  c_city='UNITED
     KI5')  and (s_city='UNITED KI1' or s_city='UNITED KI5')

    and s_nation = 'UNITED KINGDOM'

    and d_yearmonth = 'Dec1997'

  group by c_city, s_city, d_year  order by d_year asc, revenue desc;

Q4.1

select d_year, c_nation,


sum(lo_revenue - lo_supplycost) as profit


from date, customer, supplier, part, lineorder


where lo_custkey = c_custkey and lo_suppkey = s_suppkey 



and lo_partkey = p_partkey and lo_orderdate = d_datekey 



and c_region = 'AMERICA' and s_region = 'AMERICA'



and (p_mfgr = 'MFGR#1' or p_mfgr = 'MFGR#2')


group by d_year, c_nation order by d_year, c_nation;

Q4.2 

select d_year, s_nation, p_category,


sum(lo_revenue - lo_supplycost) as profit


from date, customer, supplier, part, lineorder


where lo_custkey = c_custkey and lo_suppkey = s_suppkey 



and lo_partkey = p_partkey and lo_orderdate = d_datekey 



and c_region = 'AMERICA' and s_region = 'AMERICA'



and (d_year = 1997 or d_year = 1998)



and (p_mfgr = 'MFGR#1' or p_mfgr = 'MFGR#2')


group by d_year, s_nation, p_category


order by d_year, s_nation, p_category;

Q4.3


select d_year, s_city, p_brand1,


sum(lo_revenue - lo_supplycost) as profit


from date, customer, supplier, part, lineorder


where lo_custkey = c_custkey and lo_suppkey = s_suppkey 



and lo_partkey = p_partkey and lo_orderdate = d_datekey 



and c_region = 'AMERICA' and s_nation = 'UNITED
         STATES' and (d_year = 1997 or d_year = 1998) 



and p_category = 'MFGR#14'


group by d_year, s_city, p_brand1


order by d_year, s_city, p_brand1; 
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Table 4.2  Measured Performance of Queries on Products A, B and C in Seconds
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