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Abstract  Decision tree classification is a well-studied problem in data mining. Recently, there
has been much interest in mining data streams. Domingos and Hulten have presented a one-pass
algorithm. Their system, VFDT, uses Hoeffding inequality to achieve a probabilistic bound on
the accuracy of the tree constructed. Gama et al. have extended VFDT in two directions. Their
system VFDTc can deal with continuous data and use more powerful classification techniques at
tree leaves. Peng et al. present soft discretization method to solve continuous attributes in data
mining. This paper revisits this problem and implemented a system {VFDT on top of VFDT and
VFDTec. It has the following four contributions: (1) It presents a threaded binary search trees
(TBST) approach for efficiently handling continuous attributes. It builds a threaded binary
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search tree, and its processing time for values inserting is O(nlogn), while VFDT's processing

time is O(n*). When a new example arrives, VFDTc need update O(logn) attribute tree nodes,

but fVFDT just need update one necessary node. (2) It improves the method of getting the best

split-test point of a given continuous attribute. Comparing to the method used in VFDTec, it im-

proves from O(nlogn) to O(n) in processing time. (3) Comparing to VFDTc, [VFDT's candidate

split-test number decrease from O(n) to O(logn). (4) It uses soft discretization method in data

streams mining to solve the problem of noise data.
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Procedure InsertValue fTBSTree(x, k, fTBSTree)
Begin
While( fTBSTree —>right | = NULL || fTBSTree —> left
I=NULL)
If (fTBSTree —>keyValue==2x) then break;
elself ( fTBSTree —>keyValue™>z) then
fTBSTree= fTBSTree —>left;
else fTBSTree= fTBSTree —>right;
Creates a new node curr based on x and k;
H( fTBSTree. keyValue ==z) then
fTBSTree.classTotals[ k]+ 4 ;
eleslf ( fTBSTree.keyValue=>x) then fTBSTree.left= curr;
else fTBSTree.right=curr;
Threads the tree;
End
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Procedure fTBSTbestSplit (f TBSTtreePtr ptr.int *belowPrev[ ])
Begin

If (ptr —>next==NULL) then break;

For (k=0; k<count; k++)
“belowPrev[ k4= ptr —>classTotals[ k];

Calculates the fuzzy information gain using *belowPrev|[ |;

[fTBSTbestSplit( ptr —>next, belowPrev[]);
End
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VFDTec extends VFDT in two directions: The ability to
deal with continuous data and the use of more powerful clas-
sification techniques at tree leaves. It's most relevant proper-
ty is the ability to obtain a performance similar to a standard
decision tree even for medium size datasets.

In this paper, the authors present a new system {VFDT
on top of VFDT and VFDTec.



