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High Dimensional Streaming Data with Concept Drift
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ABSTRACT

While dimension reduction methods on high dimensional data have been widely studied, research on dimension reduction methods for

high dimensional streaming data with concept drift is

limited. In this paper, we review incremental dimension reduction methods and

propose a method to apply dimension reduction efficiently in order to improve classification performance on high dimensional streaming

data with concept drift.
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Table 3. Adaptive incremental learning algorithm [7]

Input : F={X(z,_,,,), - X(z,)} : records by the

recently received data samples x, _,,,, "

n

T, 11Ty 9y T,y - Incoming data stream

Let k=n+1.
While (incoming data sample x;, is available)

Let o and o be the mean and standard deviation of #
X(z,)—p )

g
Compute (3 using the function given in Fig.1
Update the classifier by the updating formula
f < Update (5. f z,)
Remove the oldest element and add X(z,) to Z.
k= k+1.
end of while

Compute X(z,) =

Compute p— value= P(Z>

Table 4. ADMSE (adaptive MSE)
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Table 6. The application of adaptive learning after
incremental dimension reduction

Input © F={X(z, _,, ), X(z,)}  records from

recently received data samples x,, _, 1, T

n

n

and the transformation z, = Pz

i

T, 15Ty 49 T, 44 0 - incoming data stream

Let k=n+1.
While (incoming data sample z, is available)
Update the transformation matrix by
P« Update_transformation_matrix (P, z), )

z, =P,

Compute X(z;)= | Oz,)—y, |’

Let 1 and o be the mean and standard deviation of #
X(zk) — i )

g
Compute (3 using the function given in Fig.1

Compute p— value= P(Z>

Update the classifier by the updating formula
f < Update(B, f, z,)
Remove the oldest element and add X(z,) to F.
k=k+1.
end of while
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