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Introduction

Sexist speech 1s a pervasive issue on online social media platforms. Despite the ongoing development of increasingly sophisticated models for detecting sexist speech, the focus on the explainability and interpretability of these models re-

mains limited. Automated tools can significantly aid in identifying sexism on a large scale. However, binary detection often overlooks the multifaceted nature of sexist content and fails to provide clear reasoning behind the classification of
content as sexist. To address this 1ssue, we present an ensemble model that 1s based on diverse pre-trained models. Our composite model leverages the power of its constituents by extracting relational information from the text by using dif-
ferent pre-trained models (BERT, XLMRoBER1a, DistilBERT) and passing it through a distinct Convolutional Neural Network (CNN) architecture. The design facilitates the integration of multiple techniques to improve the model's robust-
ness and generalizability. To foster transparency, we apply explainable artificial intelligence techniques to discern the influence of individual tokens and various model components on the decision-making process. Moreover, we incorpo-
rate a feedback loop that involves human validation, where humans review and validate the model's predictions and explanations. This iterative approach enhances the model's rationality and alignment with human cognition. To continual-
ly evaluate the model's performance, we utilize explainability metrics. The result 1s a more reliable and interpretable model that aligns with human evaluation and contributes a comprehensive dataset in the field of sexism detection. This

dataset, enriched with annotation and interpretability features, offers valuable insights into decision-making processes and serves as a robust foundation.

Methods

This task aims to detect and explain online sexist content through three hierarchical classification sub-

o
8 4 PHASE 1 ) 4 PHASE 2 ) 4 PHASE 3 ) -
= - : Preparation of Data Set Design and Training '
= % 0 of the Model _ Task A: A binary classification task to determine if a post 1s sexist or not.
E O 0 o Testing and
% E : g ( " ) " Analysis of Results Task B: A multi-class classification task to further classify sexist posts into four categories: threats,
5 — 0 p—— derogation, animosity, and prejudiced discussions.
2 C )
~ : \ v, \_ J Task C: Another multi-class classification task that delves deeper into the classification of sexist posts
fcr rc e oo o oo ,: s into vectors of sexism. These vectors provide more specific categories under threats, derogation, etc.

Threats of harm

Incitement and encouragement of harm

/ DeteCt \ Descriptive attacks

"Sexism Content"' Derogation Aggressive and emotive attacks

Dehumanisation and overt sexual objectification

Casual use of gendered slurs, profanities & insults

Immutable gender sterectypes

Animosity

Backhanded gendered compliments

Testing the Model

Condescending explanations or unwelcome advice

Deployment
(Detect Sexim speech)

Supporting mistreatment of individual women
Prejudiced Discussion
Supporting systemic discrimination against women

{

Adobe Stock | #169660056
T Vo
PP g A
IR
i
Wi

Input: Comments w
J

/ Mot Sexist

L1 i i
" Rewire | Socially responsible Al for online safety

Figure 1: Model Architecture Visualization (Left) and structure of Dataset (Right) [1]

Results

Research Contributions and Results:
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Conclusion

We combined pre-trained language models with a CNN to detect sexism 1n multilingual social media. While adding human 1nsights slightly reduced accuracy, it made
our model's decisions more trustworthy and human-like. Using the SHAP library, we pinpointed which parts of the text influenced the model's choices. Our goal moving
forward 1s to create AI models that both perform well and think more like humans.

*Corresponding Author: h.mohammadi@uu.nl

[1] the dataset utilized 1s specifically associated with SemEval 2023 -
Task 10 - Explainable Detection of Online Sexism (EDOS) competition.
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