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@relation 'piesi’
@attribute pres numeric
@attribute lat numeric

@attribute long numeric

@data
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Weka Explorer
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-4 FarthestFirst ==
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Weka Explorer

Clustering

| Preprocess || Classify | Cluster | associate | Select attributes | visualize|

Cluskeret

[ Choose ] Means -1 1 -M 1000 -1 1000 -L 9 -H 40 -8 1.0 -C 0.5 -0 "weka, core. EuclideanDistance -R firstast” -5 10

Cluster mode
(%) Use training set:

() Supplied test set

() Percentage split

() Classes to clusters evaluation

Store clusters For visualization

[ Ignore atkributes J

Resulk list {right-click for options)
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Clusterer output
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Cluster 0 T

101.197543685964912 26.42105263157695 32.230642105263160
Cluster 1

101.66423076923077 38.042307658230769 14.663461538461538
Cluster Z

101, 46544444444442 25, 11. a
Cluster 3

101.575384615364616 57.30769230769251 -11.923076923076923
Cluster 4

102.03682539682539 50.67460317460318 32.1825306825306584
Cluster §

101.72767441860465 34.53488372095023 -7.732556139554654
Cluster 6

102, 50686274509808 53, 72549019607543 12.303921568627452
Cluster 7

102.65211536461534 47.11535846153546]1 -6.942307692307692
Cluster 8

101.31 23.95 -11.25 v
£ | >

Status
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