








Suppose that we know how to split A. For each
record A ID = i in A, the Dimension-to-Fact index
(D2F index) for A contains an entry denoted D2FA(i).
D2FA(i) stores the child node to which the record
A ID = i in A splits.

To create the D2FA index, while splitting A, for each
record that has the primary key value i and splits to
a child node c, set D2FA(i) = c. Intuitively, D2FA(i)
contains the child node for all the records in the fact
table of A that contain the foreign key value A ID = i.

The D2F method. Assume that D2FA is available
(thus, A has the fact table). We split the fact table T of
A as follows. For each record t in T having the foreign
key value i on A ID and the primary key value i′, let
c be the child node given by D2FA(i):

• t splits to the child node c;

• if T has an unsplit dimension table B: increment
F2DB(j, c) by < t[C1], · · · , t[Ck] >, where j is the
foreign key value on B ID in t,

• if T has an unsplit fact table (only if T is not the
root table), set D2FT (i′) to c.

Example 3.3. Suppose that the split criterion at the
root node is Att3 < 33, i.e., the midpoint of 23 and
43 in A. First, we split A using the split criterion,
and build D2FA. Thus, the record A ID = 1 splits
to the left child node, and the records A ID = 0
and A ID = 2 split to the right child node. And,
D2FA(0) = D2FA(2) = Right and D2FA(1) = Left.

Next, we split T using the D2FA method, and
build F2DB : for each record t in T , we look up
D2FA by t[A ID] to find the child node c for t, and
increment F2DB(t[B ID], c) by < t[C1], · · · , t[Ck] >.
Thus, the third record in T splits to the left child node
because t[A ID] = 1 and the other three records in
T split to the right child node. One can verify that
F2DB(0, Left) =< 1, 0 >, F2DB(1, Left) =< 0, 0 >,
F2DB(0, Right) =< 1, 1 >, and F2DB(1, Right) =<
0, 1 >.

Finally, we split B using the F2DB method. We
omit this part because it is similar to Example 3.2.

It is worth noting that for both F2DA and D2FA,
A must be a dimension table. This implies that we
never create an index that has a size proportional to
the cardinality of the root table. Therefore, even if we
keep all indexes (at a decision tree node) in memory,
they still use less space than the hash table for joining
attribute lists in Sprint [9].

3.4 Analysis

The dominating work at each iteration is propagat-
ing the splitting among the tables T in Star(n) for
splitting the current decision tree node n. This work
essentially performs the matching as required for com-
puting Join(n). However, it does not materialize the
join result, but only computes the class count matrix
for each distinct record in the projection

∏
T (Join(n))

(Theorem 3.1). Thus, while Join(n) duplicates each
record in T as many times as it occurs in Join(n), as is
typically the case because each fact table represents a
many-to-many relationship type among its dimension
tables, Star(n) simply keeps a count for each class la-
bel to represent the duplicates. This counting strategy
speeds up the data scan at each decision tree node. Due
to the space limitation, we have to report experimental
results elsewhere.
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