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Algorithm 1. Proposed Hybrid K-anonymity and FCM Clustering
(KFCM)

Input:

Initial Table T containing Dataset D & Graph E

Parameters: K & weights of features W
Output: C & CLA

Begin
1

2
3
4

o Ol

10
11
12
13
14
15
16
17

18

19

20
End

Construct input matrix for clustering: MAT=E+WxD.
Calculate a value for C=Cjjias in the range of [Crin,Crmax]-
Clustering MAT into C clusters using FCM.

Consider all clusters with at least K members as S1 and the
others in S2.

For ¢ = 1. Number of Clusters in S2

Fork=1:C (k#c)

Calculate distance between the centroid of the two clusters:
Dist(c,k).

End For

Find the nearest cluster k to cluster c.

If cluster k belongs to S2

Merge the two clusters k and c as a single cluster c.

Update the number of clusters: C=C-1.

If the merged clusters have at least K members

Eliminate the merged cluster from S2 and add it into S1.
End If

Else

Find the K-m nearest members of cluster k and transfer them
into cluster c.

Eliminate cluster ¢ from S2 and add it into S1.

End If

End For

KFCM (suusaiigs wis 5g01 o8 4 :¥ o
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2. Waal & Willenborg
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4. Penalty Function for K-Anonymity
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