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Introduction

I The use of misogynistic and sexist language has increased in recent years in social media, and is increasing in the Arabic
world in reaction to reforms attempting to remove restrictions on women lives.

I Few benchmarks for Arabic misogyny and sexism detection exist, and annotations are in aggregated form.
I However, misogyny and sexist judgments appears to depend on certain characteristics of annotators.
I We investigated how misogynistic and sexist judgments in Arabic text are affected by two characteristics of annotators:

gender and religious beliefs (whether the coder is religiously liberal, moderate or conservative).
I We introduce armis, a novel Arabic misogyny and sexism dataset (armis) characterized by providing annotations from

annotators with different gender and different degree of Islamic beliefs, and provide evidence that such differences do result
in disagreements.

I To the best of our knowledge, this is the first dataset to study in detail the effect of religious beliefs on misogyny and
sexism annotation.

I We report on a series of annotation experiments testing our preliminary hypotheses about the effect of gender and different
religious beliefs on the annotation
I our results show a significant effect of beliefs on disagreement between annotators.

I Finally, we discuss proof-of-concept experiments showing that a dataset in which disagreements have not been reconciled
can be used to train state-of-the-art models for misogyny and sexism detection; and consider different ways in which such
models could be evaluated.

Misogyny and Sexism

I Misogyny has been defined as “hate or prejudice against women, which can be linguistically manifested in numerous ways,
ranging from less aggressive behaviours like social exclusion and discrimination to more dangerous expression related to
threats or violence and sexual objectification” (Anzovino et al., 2018).

I Misogyny is defined in (Parikh et al., 2021) in a more restricted way as ’hate or entrenched prejudices against women’ and
the term sexism is used as a more general term that includes discrimination or judging a person (women in particular)
based on gender.

I Unlike the armis dataset proposed in this paper, other shared tasks and datasets for studying misogyny/sexism do not
encode the effect of annotators characteristics on judgments, and the cases of disagreement were resolved with traditional
aggregation methods.

I In this paper we show evidence that misogyny and sexism annotation heavily depends on subjective criteria that lead
different people to label the same text in a different way based on their religious beliefs, and argue that such disagreements
due to subjectivity should not be solved with aggregation procedures.

Inter-coder (Dis)agreement in Misogynistic Language Annotation

I Gold standards are generally not appropriate for subjective annotation tasks.
I The inconsistent results on inter-coder agreement on misogyny annotation suggest that
I The assumption of agreement among annotators does not clearly hold for misogyny and sexism, but
I Low agreement might be found if the coders have different subjective biases, whereas high agreement can result if their biases match.

I Similar hypothesis in (Al Kuwatly et al., 2020), that demographic features of a coder can affect their individual judgments
and may impact hateful language classifier models should be encoded.

ArMIS: Data Collection and Preprocessing

I 2K Arabic misogyny and sexism tweets were collected in October 2020 via the Twitter API.
I The resulting collection contains tweets in a variety of Arabic dialects.
I Duplicated tweets, non-Arabic text, advertisement, user mentions, retweets, and URLs were removed.

Keyword Keyword
تاصقان deficient/imperfect تاجربتم dressed up
تایوسن feminists تایوسف fart-eminist
تانوعلم cursed تاطقاس bitches
تارهاع prostitutes تادساف corrupt
تارجاف whores تادرمتم rebels
تاعیاص players تاقساف sluts
تاررحتم liberated تاصیخر cheap

تادسفم spoilers تارفاس face revealing
تاطلستم bossy تلافاس varmint

I The top 5 most frequent words.

Word Count
ءاسنلا women 201

هللا God 170
ةأرملا woman 160
تاصقان deficient/imperfect 132

لقع mind 132

The ArMIS Annotation Scheme

I The binary classification scheme that was used is a slightly revised version of the scheme from AMI-2020 at Evalita (Fersini
et al., 2020).

I Misogyny as defined by Fersini et al is more general than simply hate against women, and also covers what in other
schemes would be called sexist speech.

I The annotators were asked to choose a label based on their perspective.

Label Instructions and examples
Misogyny any text that expresses hating toward women in particular including discredit, sexual harassment, threats of

violence, stereotype, objectification, derailing and dominance
”نیدولقعتاصقانهضرببكوكبكوكهدكهنابتلابردةرجمبكاوكىلعيتیشمهضربولشانمهیم“

“We don’t care even if you walk on the planets of the Milky Way, planet by planet, women are still defect of
reason and religion”

Not Misogyny a text that does not express hating towards women in particular
”ناملسدمحماركشءاسنلانمز“

“Women time thank you Mohammed Salman”

Annotation and the correlation between annotator characteristics and judgments

I First experiment: 964 tweets were selected, and annotated by three annotators
I Liberal female, Moderate female and Conservative male.

I Second experiment: 11 controversial tweets from armis were selected and annotated by 32 annotators.
I gender: (Female=16, Male=16)
I religious beliefs:( Liberal: F=3, M=2 ), ( Moderate: F= 13, M= 11 ), and ( Conservative: F=0, M=3 ).

Using ArMIS for Modelling

I 964 tweets divided into 674 for training, 145 for validation and 145 for testing.
I Majority voting was used only to produce a hard label for hard evaluation purposes and also to train the base model for the

purpose of comparison.

Learning from Disagreement 1: Soft Loss Training (Peterson et al., 2019; Uma et al., 2020)

I Soft loss function was trained using arabert models (Antoun et al., 2020) with soft labels as a target.
I Soft labels generation 1 : standard normalization function (Peterson et al., 2019).
I Soft labels generation 2 : Softmax as proposed in (Uma et al., 2020).
I The soft labels produced were then used as targets for training using separate soft loss function such as Cross Entropy.

Learning from Disagreement 2: Hard Training of Separate Classifiers (Akhtar et al., 2019, 2020; Basile, 2020)

I Training three separate classifier for each coder using arabert models on Cross Entropy with one hot encoding.
I The outputs of the three classifiers were used to compute a hard label for each item using Majority vote, and soft label

using either standard normalization or Softmax.

Hard and soft evaluation

I It would make little sense to evaluate a misogyny and sexism detection model against a gold label.
I Two soft evaluation metrics were used for comparing the distance between probability distributions:
I Cross Entropy (CE) (Peterson et al., 2019; Uma et al., 2020, 2021)
I Jensen-Shannon Divergence (JSD), a symmetric version of Kullback-Leibler divergence (Uma et al., 2021).

I majority voting labels were produced for hard evaluation Accuracy and F1, but only for comparison purposes.

Results

I The results suggest that standard normalization works best with armis according to all metrics.

Model ACC F1 CE JSD
CEstandardnorm 77.79 77.38 0.586 0.244
CESoftmax 76.41 76.06 0.598 0.194

I Hard metrics tend to reward training with hard labels.
I The best results achieved with soft metrics ’Cross-Entropy’ using soft-loss training, which are more appropriate for

subjective tasks.

Model ACC F1 CE JSD
CE soft loss 77.79 77.38 0.586* 0.244
MV 76.89 76.42 0.906 0.245
Three classifiers 78.00 77.67 3.662 0.205
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