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Abstract: Most research on distance metric of kNN classification is focused on how to integrate the differences
caused by various attributes, and the semantic difference between values of the same attribute isignored. In addition,
classification accuracy of the traditional approaches is very sensitive to the incomplete data described on different
abstract levels. In this paper, a novel kNN approach based on semantic distance——SDKNN (semantic distance
based k-nearest neighbor) is presented, which solves the two problems mentioned above. This approach analyzes the
semantic difference between values of an attribute and presents how to calculate the semantic distance based on
domain ontologies, and the semantic distance is then used to improve the traditional KNN methods. Experiments on
the UCI (University of California, Irvine) machine learning repository and real application datasets show that the
overall performance of SDKNN outperforms the traditional one, especially when the datais incomplete. SDKNN also
has the desirable application value in practice.
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(20 , msa(Cy,Cz)
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3 ——SDKNN
SDKNN semantic_distance , @)
[x—qr [, f iscontinuous
&(x,qr) =40, f isdiscreteand x; = q; (21)

semantic__distance(x; ,q;), f isdiscreteand x; = q;

31 _— W;
SDKNN (10 ; [10]
f m ) X m X1, X0, X
gain,
m f . .
gain, = Entropy(T) - szntropy(Xi) ,Entropy(D)=-)" count(, B) |, count(l;, D) (22)
i:llxl lieL |D| |D|
,Entropy(D) D ,count(l;,D) D I
W gain , :
= @)
D gains
feF
32
SDKNN :
Algorithm SDkNN(T:test dataset)
Begin
Get weight of each attribute w; using Eq.(23);
For each nodeqin T Do
Begin
Compute distance between g and each node x in the training set X by calling function Distance(x,q);
Choose the k nearest nodes as a neighbor set Ng;
Take a majority voting among Nq to decide the class label of ;
If no label is better than others then choose the most possible label in X;
End
For each label ljeL Do Compute the misclassification error M; using Eq.(1);
classification_accuracy = »_ (1- M) p(l;) ;
lieL
End
Function Distance(x,q:node):real
Begin
For each attribute fe F Do
Begin

Compute &(x;,0;) using Eq.(21); /* where semantic_distance(x,0r) is computed using formula

(20), p() is computed using formula (9) */
End
Compute d(x,q) from all &(x;,q;) and ws using distance Eq.(6);
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Return d(x,q);
End
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4.1
SDKNN , Java SDKNN, kNN Traditional
kNN [2] WAKNN , Traditional kNN http://www-2.cs.cmu.edu/afs/
cs.cmu.edu/user/zhuxj/www/courseproject/knndemo/KNN.java , Java WAKNN.
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