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FAE best 1 best 3 best 5
cosine 25.57% 42 .57% 49.77%
similarity | (224/876) (373/876) (436/876)
euclidean 25.00% 42.57% 49.77%
distance (219/876) (373/876) (436/876)
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pearson A 0.7 0.3
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cosine similarity 0.4 0.3 0.3
euclidean distance 0.1 0.4 0.5
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cosine 32.19% 49 .43% 57.76%
similarity | (282/876) | (433/876) | (506/876)
euclidean 16.44% 28.88% 36.42%
distance (144/876) | (253/876) | (319/876)
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cosine 51.14% 71.58% 78.20%
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euclidean 30.37% 49.66% 57.88%
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