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Machine Learning Challenges

Dangers of Cyberbullying

Cyberbullying
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Co-Trained Ensemble Framework

Training Objective

- Consistency loss: penalizes the disagreement between the message classifier and the user classifier

 Two types of classifiers for harassment detection:

- Message classifier (f : M = R):

* Input: message - Weak supervision loss: over message learner :
Unlabeled Social

Interaction Data

* Qutput: classification score for whether the message is an example of harassment

Seed Bullying

- User-relationship classifiers (g : U2 — R): Vocabul
ocabulary

message learner score
for all messages user learner score all parameters

* Input: pair of users \ K
* Output: score indicating whether one user is harassing the other user 1 '/ /

m(_;n 2|M| Z (f(m, 6) —g\S m)a r(m); @) |M| Z e ))a abundant
meM \ meM unlabeled data : :
'ﬁ Y, Y, Machine Learning model
ou are amazing —>| CRITNS el
y g "
@ - Weak supervision loss on message learner:
Amy —— B
Ti —> - Lower bound: Harassment indicator e.g. curse words, slurs, etc. n+(m) n~(m)
Im — < <l———=
Yuser Ym

Ymessag LY NV :
consistency loss weak supervision loss for cyberbullying
¢ Message learner:  User learner:

weak supervision

sender  receiver

. n(m) n(m)
- Upper bound: Harassment counter-indicator e.g. ‘thanks’ N—— N—————’
Lower Bound Upper Bound

{(Ym) = —log (min {1, 1+(1 "7;(%)) ym}) — log (min {1, 1+ Ym "T;%) }) .

- BOW - Pre-trained node2vec

- Pre-trained doc2vec - Custom-trained embedding
- Custom-trained embedding - None Word2vec Embeddlng Node2vec Embeddlng

- Recurrent neural network (LSTM . L. o : .
( ) - Shallow, two-layer neural networks are trained  Objective: maximizing the likelihood of preserving network neighborhoods of nodes
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- For each method: extract 100 highest bullying-score conversations - Keyword score comparison - Score-based Comparison
- Five annotators rate as “yes”, “no”, or “uncertain” * 42 sensitive keywords:  Using different combination of message and user learners

- Compare against Participant-Vocabulary Consistency (from our ASONAM 2017 paper) - Sexual orientation, race, gender, and religion - Compute the average score of sentences containing each keyword
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