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Figure7: Experimental results – Part 2.

table PD2 has signature{e1, e3, e4}. The intersection of
the two signatures is{e1, e3}. From the H-tree, we know
that the total aggregate of tuples havinge1 or e3 andb1, b2

or b3 is 2 (the sum of the first and the fourth leaf nodes in
the H-tree). Thus, the two iceberg cells can be joined and
(∗, ∗, c1, ∗, ∗, ∗, g1, ∗) is a global iceberg cell.

Moreover, if we have more than2 foreign key attributes,
once all the global iceberg cells that are descendants of local
iceberg cells in dimension tablePD1 are computed, the
level of attributeB in the H-tree can be removed and the
remaining sub-trees can be collapsed according to the next
attribute,E. That will further reduce the tree size and search
cost.

The second subset of global iceberg cells, i.e., the ones
that are descendants of some local iceberg cells inPD2, but
not of PD1, are exactly(∗, ∗, ∗, ) 1 c, wherec is a local
iceberg cell inPD2.

The spacecomplexity of the H-tree in CTC isO(kn),
where k is the number of dimension tables andn is the
number of tuples in the fact table. In many cases, the H-
tree is smaller than the fact table and much smaller than the
universal base table. The signatures of local iceberg cells can
be stored on disk and do not have to be maintained in main
memory.

4 Experimental Results
In this section, we briefly report an extensive performance
study on computing iceberg cubes from data warehouses in
star schema, using synthetic data sets. All the experiments
are conducted on a Dell Latitude C640 laptop computer with
a 2.0 GHz Pentium 4 processor, 20 G hard drive, and 512 MB
main memory, running Microsoft Windows XP operating

system. We compare two algorithms: BUC [1] and CTC.
Both algorithms are implemented in C++.

We generate synthetic data sets following the Zipf distri-
bution. By default, the fact table has5 dimensions,1 million
tuples and the cardinality of each dimension is set to10; we
set3 dimension tables, and each dimension table has3 at-
tributes; the Zipf factor is set to1.0.

In a data warehouse generated by the above data gener-
ator, if there aren dimensions in the fact table andk dimen-
sion tables(n ≥ k), and there arel attributes in each dimen-
sion table, then the universal base table has(l · k + (n− k))
dimensions. Thus, by default, a data warehouse has11 di-
mensions. In all our experiments, we use aggregate function
count (). Therefore, the domain, cardinality and distribu-
tion on the measure attribute have no effect on the experi-
mental results. By default, we set the iceberg condition to
“COUNT(∗)≥ number of tuples in fact table×5%”.

In all our experiments, the runtime of CTC is the
elapsing time that CTC computes iceberg cube from multiple
tables, including the CPU time and I/O time. However, the
runtime of BUC is only the time thatBUC computes iceberg
cube from the universal base table, including the CPU time
and I/O time. That is,the time of deriving the universal table
is not counted in the BUC runtime. We believe that such a
setting does not bias towards CTC.

To simplify the comparison, we assume that the univer-
sal base table can be held into main memory in our exper-
iments. When the universal base table cannot be held into
main memory, the performance of BUC will be degraded
substantially. CTC does not need to store all the tables in
main memory. Instead, it loads tables one by one. The lo-
cal iceberg cells can be indexed and stored on disk. One
major consumption of main memory in CTC is to store the
H-tree for the fact table. As shown before, the H-tree is often
smaller than the fact table and much smaller than the univer-
sal base table. When the H-tree is too large to fit into main
memory, the disk management techniques as discussed in [4]
and also the techniques for disk-based BUC can be applied.

The experimental results are shown in Figures 6 and 7,
while the curves are self-explained. By the extensive per-
formance study using synthetic data sets, we show that CTC
is consistently more efficient and more scalable than BUC.
The performance of BUC in our experiments is consistent in
trend with the results reported in [1].
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