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NEW CLASSIFICATION
SCHEME

In this work, we propose that a more fine-grained view can be useful
in hate speech classification, such that creating a language model for
each category may be helpful to improve the automatic detection of
hate speech [1]. Another phenomenon when analyzing different
categories of hate speech is their intersectionality:

m [his concept brings attention to the experiences of people who
are subjected to multiple forms of discrimination (e.g., being
woman and black) [2].

Blac ople

BINARY
CLASSIFICATION
EXPERIMENT

We propose to use a rooted DAG in order to be able to cover hate
speech subtypes and their intersections. For the annotation of this
dataset, we defined two different schemes: Bla

m First, non-experts annotated the tweets with binary labels.
m [hen, expert annotators classified the tweets following a

hierarchical multiple label scheme with 81 categories. The hierarchy of classes was built by one researcher with training For the experiement: o
in social psychology. For verifying the validity of this annotation m Weuse 10-fold cross-validation with holdout validation.
procedure, a second annotator classified 500 messages. We m We remove stop words and punctuation.
observed an annotator agreement with Cohen’s Kappa [6] value m Weuse pre-trained Glove word embeddings with 300
M ESSAG E c 0 I_I_ECTI 0 N of K=0.72. We also analyzed it by type of hate. We found diverse dimensions for Portuguese [/].
values in the different categories (Table 1), which points out that m  We use adeep learning model, namely LSTM, in an
some specific types of hate speech can be more difficult to classify architecture as already proposed by [8].

We followed the steps: than others
m Pages and keywords enumeration - We |ooked at specific Table 2 shows the achieved baseline results on our new dataset,

profiles, keywords and hashtags in a total of 58 search

o C_rawl_mg—We qsed R to crawl atotal of 42,930 tweets. | e lth b s v R
m Filtering - We filtered those messages and kept tweets written
in Portuguese, eliminated repetitions, removed HTML tags and Training data (N) |5099
messages with less than three words. Gays 0.30 Test set F1 0.72
m Sampling - We decided then to use a maximum of 200 tweets Ugly women | ©.28 Testing data (N) |567
per search instance in order to keep a more diverse source of
fweets. Table 1- Annotator agreement per class. Table 2 - Binary classification results

Our final dataset contains 5,668 tweets, from 1,156 different users.

BINARY ANNOTATION CONCLUSION

We provided a hate speech hierarchical labeling schema that integrates the complexity of hate speech subtypes and their intersections. This allowed

Three annotators classified every message. 18 Portuguese native us to find out that distinct types of hate speech present different agreement levels between annotators. Therefore, future guidelines for annotation
speakers were given annotation guidelines and had to label each may benefit from specifying the particularities of the different subtypes of hate speech. Finally, in future explorations of this dataset, we will
message as hate speech’ or ‘not hate speech’. We observed a low experiment with multilabel classification of hate speech to identify not only whether a message contains hate, but also the targeted groups.

agreement with a Fleiss's Kappa [4] value of K=0.17.
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