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Thousands of comments per day require 
moderation. Some very disturbing...
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You are ignorant and vandal! Stop it!

Moderators to reject abusive comments, avoid 
reputational damage, fines, putting off readers...
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A better moderation panel assists the moderators 
to detect abusive comments, and leads to quicker 
publication of non-abusive comments.
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Heatmaps show suspicious 
words: see our paper at 
EMNLP-2017 (main).

A better moderation panel assists the moderators 
to detect abusive comments, and leads to quicker 
publication of non-abusive comments.
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Adding user-specific information

In other work (Abusive Language Workshop @ ACL-2017, 
EMNLP-2017) we obtained SOTA results using RNN-based 
methods, considering only the text of the comments. 
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As a first step towards user-specific 
info, here we add user embeddings. 
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methods, considering only the text of the comments. 
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Automatically:

Comments with high 
scores get rejected.

Comments with low 
scores get accepted.

For more details on semi-automated 
moderation see our paper at 

EMNLP-2017 (main).

5/14
ta : accept
threshold

tr : reject
threshold

0.0 1.0rejectgrayaccept



Automatic comment moderation

All comments are scored by 
a system.

Score: how probable it is for 
a comment to be abusive.
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Automatically:

Comments with high 
scores get rejected.

Comments with low 
scores get accepted.

For simplicity, here we consider only 
fully automatic moderation (no 
comments sent to human 
moderator), but methods applicable 
to semi-automatic moderation too.
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For a more detailed analysis of the 
dataset and additional datasets see 
our paper at EMNLP 2017 (main). 

T(u)          : Number of training comments posted by user u
R(u)          : Rejection rate of user u on training data
Green       : T(u) >10, R(u) ≤ 0.33 
Yellow      : T(u) >10, 0.33 < R(u) < 0.66 
Red          : T(u) >10,  R(u) ≥ 0.66
Unknown : T(u) ≤ 10

Gazzetta dataset1
Approx. 1.6M user comments (accepted, 
rejected) from the Gazzetta Greek sports 

news portal. Including user ids.

1: From http://www.gazzetta.gr/ . Available at: http://www.straintek.com/ .

http://www.gazzetta.gr/
http://www.straintek.com/


Plain RNN-based moderation

8/14

x1 x2 xk
...

Hello there relax...

...h0 h1 h2 hk

Words are mapped to embeddings 
(word2vec, 300 dimensions).



Plain RNN-based moderation

8/14

x1 x2 xk
...

Hello there relax...

...h0 h1 h2 hk

Words are mapped to embeddings 
(word2vec, 300 dimensions).

The RNN states “summarize” the 
words seen. We use GRUs (128 dims).



Plain RNN-based moderation

8/14

x1 x2 xk
...

Hello there relax...

...h0 h1 h2 hk

The last state of the RNN hopefully 
represents the entire comment.

The RNN states “summarize” the 
words seen. We use GRUs (128 dims).

Words are mapped to embeddings 
(word2vec, 300 dimensions).



Plain RNN-based moderation

8/14

x1 x2 xk
...

Hello there relax...

...h0 h1 h2 hk

Words are mapped to embeddings.

The last state hopefully represents the 
entire comment.

acceptance 
probability

rejection 
probability

Logistic
Regression

A Logistic Regression (LR) layer uses the 
last state of the RNN as a feature vector.

The RNN states “summarize” the 
words seen. We use GRUs (128 dims).



Plain RNN-based moderation

8/14

x1 x2 xk
...

Hello there relax...

...h0 h1 h2 hk

Words are mapped to embeddings.

The RNN states “summarize” the 
words seen. We use GRUs (128 dims).

The last state hopefully represents the 
entire comment.

acceptance 
probability

rejection 
probability

Logistic
Regression

A Logistic Regression (LR) layer uses the 
last state of the RNN as a feature vector.

See our papers at EMNLP-2017 (main) and the Abusive Language 
Online workshop of ACL-2017 for more variants of the plain 

RNN-based method, including RNNs with deep self-attention.
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RNN is always improved when 
user information is added.

User-specific info is better than 
user type info.

User-specific or type-specific 
embeddings are better than 
user-specific or type-specific biases.

AUC of ROC (std error of 3 repetitions in brackets), 
considering multiple classification thresholds.

The baselines are much worse.
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Character-based layers (e.g., for unknown, obfuscated words). 

RNN with deep self-attention, ablation testing, experiments against DETOX (Wulczyn et al. 
2017), other datasets: see our papers at EMNLP-2017 (main) and Abusive Language Online 
workshop of ACL-2017.
Highlighting suspicious words (EMNLP-2017 main).

MLP instead of LR to learn non-linear combinations of RNN states and user embeddings. Like 
Amir et al. (2016), but they use CNN instead of RNN, and detect sarcasm in tweets. 

Consider entire threads and the original article, instead of individual comments.
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