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* our hypothesis: by combining features
from all feature categories, the ability
to detect antisocial behavior increases
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Results

Supervised classifiers
* best results with Extremely randomized trees classifier (ERT)
* classification using different combinations of feature categories:
Co-training
* best combination of classifiers and feature sets:
|. Extremely randomized trees (textual features + hierarchical
data)
2. AdaBoost (user history features + community reaction)
* results vary for different parameter settings of co-training
algorithm
* our goal is to maximize recall, yet still keep precision as high as

Detection of content containing hate in
YouTube comment sections

Data acquisition

* over 200 000 comments collected from
political YouTube channel The Young Turks

* YouTube API + JavaScript

Co-training

e two classifiers use two different sets of features

* feature sets must be independent and
uncorrelated

* co-training uses unlabeled data to construct new
labeled data for future iterations
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Labeling of data

* over 6 000 comments chosen for labeling
* crowdsourcing via custom Django app
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* different supervised classifiers Classification on Classification on ERT — user history + community reaction 39.30% 57.80% 46.02%
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® parameter tuning unlabeled data unlabeled data co-training (with highest F,-score) 46.34% 64.71% 53.56 %
problem — not enough labeled data Conclusion
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New labeled data

* co-training — semi-supervised machine

, * results confirm, that combination of all feature categories trains a
learning method

classifier better then a subset of these categories
* we also demonstrated the capability of co-training algorithm to
improve performance of classifiers

New labeled data




