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Abstract Folksonomy, which is collaborative classification created by freely selected keywords, is
one of the driving factors of the web 2.0. Folksonomy has advantage of being built at low cost while
its weakness is lack of hierarchical or systematic structure in comparison with taxonomy. If we can
build classifier that is able to classify web resources from collective intelligence in taxonomy, we can
build taxonomy at low cost. In this paper, targeting folksonomy in Slashdot.org, we define a general
model and show that collective intelligence, which can build classifier, really exists in folksonomy
using a stability value. We suggest method that builds SVM classifier using stability that is result
from this collective intelligence. The experiment shows that our proposed method managed to build
taxonomy from folksonomy with high accuracy.
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Algorithm: PredictCval(SetofTags, SetofAllCategories)
‘A’ has.

Input: 1. SetofTags: All tags that the article
2. SetofAllCategories: All categories that the model has.
Output: Predicted category that ‘A’  may belongs to.
/*  cVal is the degree of certainty
P(ts) is defined in (3) /*
For each categories s € SetofAllcategories do
Foralltagst € SetofTags do
cval « Y P(t,s)
End for
if cVal is greater than maxC
then maxC « cVal
PredictedCategory = s
End For
Return PredictedCategory
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Algorithm: ExtendTag(Setof Tags, topK)

Input: 1. SetofTags: All tags that the article ‘A’ has.
2. topK: Number of tags that will be extended

Output: Extended Feature Vector

/*  candiateTags starts with empty set.
Link(T1, T2) is defined in (6) */
For eachtag T € SetofTags do
Find all articles CA that share the same tag T
For each article a in CAdo
canditateTags « canditateTags U tag that « has
End for
End for /* candidate tags set is made. */
For each tag T! € SetofTags do
For each tag T2 € canditateTags do
Calculate Link(T1, T2)
End for
Bnd for /* all link values are calculated. */
extendedFeatures « Select Top K tags in candidate
Tags set with link value(6)

Return extendedFeatures
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