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Abstract 

With the proliferation of hate speech and abusive language online, automated detection systems 

using machine learning have become prevalent. However, the opacity around how these systems 

arrive at detections has caused issues of trust, accountability, and bias. Explainable AI (XAI) refers to 

techniques that impart interpretability and transparency to AI systems. This paper reviews research 

on improving trust in hate speech detection via XAI. It provides background on prevalent detection 

methods and the growing need for explainability. Various XAI techniques applied in this context are 

analyzed – intrinsically interpretable models, post-hoc explanations, and model-agnostic 

approaches. Through real-world case studies, their strengths and weaknesses are critically 

appraised. Considerations around privacy, fairness, and system implementation are discussed. Key 
insights summarize that while progress has been made, the field is nascent. The explainability-

accuracy trade-off persists and evaluating explanation quality remains challenging. 

Recommendations for stakeholders emphasize that for long-term success, socio-technical 

perspectives must inform system design. Further research and development of transparent and 

trustworthy hate speech systems is imperative. 
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1. Introduction 

Hate speech online has become a major 
societal concern in recent years. The 

proliferation of social media provides 

platforms for people to easily spread harmful 

and abusive content targeting individuals and 

groups based on attributes like race, religion, 

gender, or sexual orientation [1]. Detecting 

and moderating hate speech is an important 

challenge for online platforms. However, the 

complexity of natural language makes hate 
speech detection a difficult task. Furthermore, 

the subjective and contextual nature of hate 

speech makes it hard to define and identify 

consistently. 
Explainable AI (XAI) offers promising 

techniques to improve hate speech detection 

by providing transparency into model 

predictions. XAI can help elucidate how 

machine learning models arrive at their hate 

speech classifications and highlight influential 

features in the input text. This additional 

interpretability enables refinement of 

datasets, features, and models to more 
accurately identify abusive language while 

avoiding issues like algorithmic bias [2]. 

Reviewing the emerging research on applying 
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XAI for hate speech detection reveals the 

capabilities and limitations of current 

techniques. 

One focus of early work has been on 

developing XAI methods to explain 
predictions from hate speech classifiers based 

on neural networks, which achieve high 

accuracy but suffer from opacity. Techniques 

like and SHAP can determine feature 

importance scores to indicate how much 

different parts of the input text contribute to 

the hate speech classification. This level of 

granularity provides concrete examples of 

model behavior, instead of just an output 

label. However, current feature importance 
explanations do not capture higher-level 

semantic and contextual relationships critical 

for understanding hate speech. 

Another line of XAI-focused hate speech 

research aims to improve model 

interpretability during development through 

techniques like attention mechanisms [3]. 

Attention weights provide visibility into how 

neural networks focus on different parts of 

the input text. Liu et al. (2019) found 
attention helped encode useful linguistic 

information for hate speech detection in 

social media posts. However, optimizing 

attention interpretability does not always 

align with maximizing classification accuracy. 

There are still open questions around 

designing attention mechanisms that balance 

explanation and performance. 

Overall, XAI has shown initial promise for 

increasing transparency and explainability in 
hate speech detection systems. However, 

current methods have limitations in terms of 

faithfully representing model logic and 

handling the complexities of abusive 

language. More work is needed to develop 

novel XAI techniques tailored to the nuances 

of hate speech data. 

Areas for further exploration include 

capturing high-level semantic relationships, 

modeling word ambiguity, and generating 
multi-modal explanations. For example, 

contextualized neural representations like 

BERT could encode useful semantic 

knowledge about word usage for XAI. 

Techniques that account for polysemy could 

help explain how the same term may or may 

not constitute hate speech depending on its 

meaning in context. And generating visual 

explanations like highlighting or labeling parts 

of text could make it easier for humans to 

quickly parse model explanations. 
Another consideration for XAI in hate speech 

detection is transparency into training data 

composition and labeling. Models can 

propagate biases if datasets contain 

imbalanced or erroneous labels. Techniques 

like counterfactual generation could help 

assess artifacts from datasets by showing how 

models would classify modified versions of 

real examples. Such evaluations could reveal 

if models learn unintended correlations that 
lead to unfair outcomes. This could in turn 

guide creation of better datasets and more 

robust models. 

In addition to technological innovations, 

implementing XAI systems for hate speech 

requires care around ethical considerations. 

Explanations could potentially expose 

sensitive attributes about users. Quantifying 

the "hatefulness" of language also risks 

further marginalizing minority groups 
targeted by abuse if done improperly. 

Community involvement, fairness 

assessments, and human oversight will be 

important to deploy XAI responsibly. 

In summary, hate speech detection remains 

an open challenge in NLP, needing creative 

solutions to handle the complexity and 

contextual dependency of abusive language. 

Explainable AI offers promising techniques to 

improve interpretability and transparency of 
models. This review highlights current 

capabilities and limitations of XAI for hate 

speech to guide future research toward more 

accurate, trustworthy, and ethical systems for 

moderating online hate. Advancing XAI 

solutions tailored to the nuances of hate 

speech data will enable safer online spaces. 

1.1 Background and Context 

The rise of user-generated content on social 

media platforms and in online communities 
has been accompanied by growth in abusive 

and aggressive language online, commonly 

referred to as "hate speech". Hate speech 

targets individuals or groups based on 

attributes such as race, religion, ethnicity, 

sexual orientation, gender identity, or 
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disability. This harmful content promotes 

animosity, discrimination, and even violence 

against marginalized groups. Moderating hate 

speech is necessary to protect users, uphold 

community guidelines, and foster inclusive 
online spaces. However, detecting and 

regulating hate speech poses significant 

challenges. 

First, there is a lack of consensus around a 

precise definition of hate speech due to its 

subjective and context-dependent nature. 

Hate speech centers on attacking 

fundamental attributes of a person or group. 

However, determining what constitutes an 

attack can vary based on cultural norms and 
individual perceptions. The line between 

allowable offensive speech and prohibited 

abusive language is not always clear cut. 

Variations in hate speech laws and content 

policies across countries and platforms 

further highlight definitional complexities. 

These ambiguities make consistent hate 

speech annotation difficult when creating 

datasets for training and evaluation [4]. 

In addition, language itself exhibits enormous 
complexity in meaning and usage. Factors like 

sarcasm, ambiguity, cultural references, and 

context can dramatically impact whether a 

statement expresses hate or not. For 

example, use of terms related to targeted 

groups may or may not constitute hate 

speech depending on the contextual intent 

and meaning. Models must therefore account 

for nuances in language to accurately 

determine if a statement is abusive or 
acceptable. 

Moreover, hate speech detection systems 

face challenges around fairness, transparency, 

and biases. Models can propagate prejudices 

or disproportionately flag content from 

minority voices if training data and algorithms 

reflect societal biases. Lack of interpretability 

also hinders understanding of model 

shortcomings and improvements needed. 

Without transparency, distrust and concerns 
around censorship arise as users cannot 

appeal problematic hate speech 

determinations. 

There is significant prior work exploring 

different approaches to address these 

challenges and detect hate speech effectively. 

Rule-based systems leverage manually 

defined keywords, slurs, and regular 

expressions to identify abusive language. 

However, these simpler methods fail to 

capture the linguistic complexities and 
variations of hate speech. As a result, machine 

learning techniques like logistic regression, 

support vector machines, and neural 

networks have become dominant to model 

the nuances in language and context. 

Deep learning methods particularly have 

driven gains in detection accuracy by learning 

semantic representations of language. 

However, these complex neural models suffer 

from opacity in how they arrive at 
classifications. Opaqueness exacerbates issues 

of bias and unfair outcomes without 

explainability. Recently, research has focused 

on improving interpretability of deep learning 

hate speech systems through explainable AI 

(XAI) techniques. 

XAI refers to methods for generating 

explanations about how machine learning 

models operate and derive predictions. Early 

XAI work focused on supervised learning 
models to provide feature importance scores 

and illustrate input-output relationships. 

More recent techniques tailor explanations 

specifically for neural networks, like 

identifying influential neurons or using 

attention mechanisms. Explanations can 

provide transparency to identify and correct 

issues with model logic, training data, or 

algorithms. This enables developing not just 

highly accurate but also fair, accountable, and 
ethical AI systems. 

Hate speech detection requires explainability 

to audit models and ensure proper treatment 

of minority groups frequently targeted by 

abuse. Interpretability also facilitates finer 

tuning of systems as researchers gain insights 

into how models handle nuances of language 

and context. XAI offers promising techniques 

to open the "blackbox" of complex neural 

hate speech classifiers. Exploring the 
capabilities of explainable methods will be key 

for creating transparent and unbiased hate 

speech moderation. 

In summary, online hate speech poses major 

harms and challenges for detection. Hate 

speech exhibits linguistic complexities and 
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subjective definitions that machine learning 

aims to capture. Deep neural networks can 

learn semantic representations but lack 

interpretability into their predictions. 

Explainable AI provides ways to improve 
transparency and understanding of model 

logic. Reviewing explanatory techniques in the 

context of hate speech will shed light on 

current capabilities and future research needs 

to enable fair and accurate detection. With 

diligent development, XAI systems could help 

curb online abuse and promote more 
inclusive digital communities. 

 
Figure 1 Objectives of XAI(Gohel et al., 2021) 

1.2 Purpose of the Review 

The purpose of this review is to provide a 
comprehensive survey of the emerging 

research on leveraging explainable AI 

techniques to improve hate speech detection 

systems. As online hate speech proliferates, 

machine learning has become a critical 

moderation tool, but suffers from issues like 

opacity and algorithmic bias. XAI aims to 

address these limitations by elucidating how 

models arrive at hate speech classifications to 

enable refinement and fairness assessments. 
However, XAI remains an active area of 

research with open questions on optimal 

methods for complex tasks like hate speech 

detection. This review synthesizes current 
literature to assess the capabilities, 

limitations, and future directions of applying 

XAI to enhance interpretability, accuracy, and 

fairness of hate speech classifiers. By 

examining efforts to date and identifying 

open challenges, this review seeks to guide 

advancement of more transparent, ethical, 

and effective AI systems to regulate online 

hate. Improving peer and public 

understanding of this problem space will 
support development of solutions that uphold 

rights to free speech while curtailing abuse. 
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Figure 2 Scopes of XAI(Gohel et al., 2021) 

1.3 Overview of Hate Speech and Abusive 

Language Detection 

Hate speech refers to language that attacks or 

reinforces negative stereotypes about a 

protected group of people based on attributes 

like race, religion, gender identity, sexual 

orientation, disability, etc. Detecting hate 

speech poses challenges due to its 

dependence on nuanced linguistic cues, 
subjective interpretations, and sociocultural 

contexts. Nevertheless, automatic hate 

speech detection has become crucial for 

online platforms to moderate abusive content 

and protect users [5]. 

A key challenge is defining the scope and 

characteristics that constitute hate speech 

versus other offensive but permissible speech. 

Some commonly cited definitional factors 
include: targeting historically disenfranchised 

groups, attributing negative stereotypes, 

using slurs and derogatory terms, promoting 

hateful ideologies, encouraging 

violence/harm, lacking reasonable 

argumentation, attacking intrinsic attributes, 

and violating community guidelines. However, 

applying these criteria consistently can be 

difficult given differences in cultural norms, 

individual perceptions, and site policies. 

An additional consideration is distinguishing 

between direct, explicit hate speech versus 

more implicit, indirect forms of abuse. Explicit 

hate speech involves direct use of racial 

epithets, calls for violence, or promotion of 

hate group propaganda. Alternatively, implicit 

abuse relies on insinuations, sarcasm, and 

microaggressions requiring knowledge of 

contextual and historical factors to decode 
the harmful intent. Developing annotated 

datasets and benchmarks covering this 

diverse spectrum of both explicit and implicit 

hate speech is an ongoing research focus. 

Early hate speech detection systems relied on 

rule-based and lexicon methods using 

handcrafted keyword lists, racial slurs, and 

offensive terms to flag abusive language. 

These approaches offered simplicity and 
human interpretability but struggled to 

handle linguistic nuances of implicit hate or 

sarcasm. As social media created new 

avenues for rapid evolution of slang and 

coded hate speech, machine learning 

emerged as better suited to handle semantic 

complexities. 

Machine learning classifiers rely on statistical 

correlations and patterns from training data 

without needing explicit rules. Popular models 
include logistic regression, support vector 
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machines (SVM), random forests, and neural 

networks. Key advancements came from 

using word embeddings, which capture 

semantic relationships between terms, as 

input features. Recently, deep learning 
techniques like CNNs and RNNs directly 

learned higher-level abstractions and 

language features. State-of-the-art systems 

now use large pretrained language models 

like BERT that provide rich contextual 

representations. 

However, complex neural models lack 

interpretability into their predictions. Trends 

like adversarial attacks and model stealing 

also raise concerns about releasing detailed 
model information. This blackbox nature 

hinders auditing for issues like algorithmic 

bias, censorship, or overfitting. Lack of 

recourse in moderation decisions further 

erodes user trust. Thus, explainability has 

become a major area of focus to increase 

transparency while maintaining detection 

accuracy. 

The subjective nature of hate speech makes 

fully automated removal infeasible so human 
moderators remain critical. But manual 

review of the vast amount of online content is 

impractical. As such, machine detection acts 

mainly as a prioritization and filtering tool to 

highlight potentially abusive content for 

human evaluation. However, even with 

human oversight, unintended model biases 

can lead to disproportionate flagging of 

minority voices. Human-centered XAI 

techniques aim to support auditing and 

mitigating such unfair outcomes. 
Beyond technical approaches, best practices 

for hate speech regulation emphasize 

community involvement, localized policies, 

and protection of vulnerable groups. 

Understanding regional and cultural 

differences in appropriate online conduct is 

vital to avoid misguided applications of 

automated moderation. Many advocate for 

remedies focused on counter-speech, 

education, and reconciliation rather than just 
censorship. 

In summary, hate speech detection requires 

balancing complex free speech issues and 

harms from online abuse. Varied textual 

manifestations of hate speech combined with 

nuanced human interpretations confound 

automated solutions. Continued evolution of 

language and emergence of coded hate 

speech necessitate adaptable systems capable 

of learning semantic representations while 
providing explainability to enable 

accountability. Advancing solutions will 

require interdisciplinary perspectives 

acknowledging the sociotechnical 

complexities and ethical considerations at 

play.
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Figure 3 Hate speech detection architecture.(Mohapatra et al., 2021) 

2. Understanding Hate Speech and 

Abusive Language 

Defining what constitutes hate speech is a 

complex and nuanced issue. At its core, hate 

speech refers to language that attacks or 

threatens a person or group on the basis of 
protected attributes such as race, religion, 

gender, sexual orientation, disability, etc. The 

intent is to incite harm, discriminate, 

reinforce oppression, or inflame hatred 

against marginalized groups. However, 

determining what crosses the line from 

offensive language into punishable hate 

speech depends heavily on social norms, 

individual interpretations, and cultural 

contexts. 

Hate speech centers on maligning 

fundamental attributes of a person’s identity. 

Yet offensive language more broadly can still 

become problematic when used to belittle 
disadvantaged groups, even absent explicit 

calls for violence [6]. Factors like the speaker’s 

perceived intent and authority, the audience, 

and potential real-world consequences all 

influence judgments of offensiveness versus 

criminality. Regulating speech also raises 

inherent tensions with free expression values. 

Related terminology offers further nuance. 

Abusive language encompasses profanity, 
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insults, and threats as offensive but not 

necessarily hate speech. Coded expressions 

mask hateful intentions through subtlety and 

plausible deniability. Racial slurs constitute 

obvious lexical signals, but reclaimed usage of 
slurs within minority groups differs from 

hateful usages. Unconscious biases reveal 

prejudice through subtle patterns in language. 

Manifestations of hate speech also run the 

gamut from explicit to implicit. Derogatory 

epithets and overt calls for segregation are 

clear-cut examples. However, coded slogans, 

symbols, sarcasm, and dog whistles enable 

bigotry or threats without directly obvious 

language. And microaggressions embedded in 

common expressions reflect unintentional but 

still damaging prejudices. 

Online anonymity combined with distance 
from physical violence enables disinhibition of 

hate speech. Proliferation threatens 

psychological and even physical safety of 

targeted groups and individuals. Yet 

regulations to protect minorities also risk 

silencing their voices and minimizing offenses. 

Navigating tradeoffs between safety and 

speech remains an open challenge. 

Table 1 Explainable AI Techniques for Hate Speech Detection(Gilpin et al., 2018) 

Technique Description 

Interpretable Models Linear models, decision trees, k-nearest neighbors - provide intrinsic 

explainability 

Post-hoc Explanations LIME, saliency maps, LRP, attention - explain black box model predictions 

after-the-fact 

Model-Agnostic 

Methods 

Train interpretable proxy models to approximate black box, generate 

counterfactuals 

Interactive 

Visualizations 

Visualize feature importance, contrasting examples to build intuition 

 

In summary, hate speech encompasses 
multifaceted linguistic dimensions and 

societal repercussions. Subjective 

interpretations and implicit manifestations 

create ambiguity. But the harms of 

normalizing and inflaming hate yield a 

responsibility to develop solutions that 
thoughtfully balance complexity in abusive 

language with principles of open discourse 

and protection of marginalized communities. 

Progress requires perspectives acknowledging 

social, cultural, and political nuances. 

Table 2 Literature Review on Explainable AI and Hate Speech Detection 

Article Name Year Author Name Coverage Contribution 

Hate Speech 

Detection on Twitter 

using Transfer 

Learning [1] 

2022 R. A. R. Ali, U. 

Farooq, U. 

Arshad, W. 

Shahzad, and M. 

O. Beg 

Focuses on detecting 

hate speech on 

Twitter using transfer 

learning techniques 

like BERT and 

RoBERTa.[72] 

Demonstrates the 

potential of transfer 

learning for 

improving hate 

speech detection 

accuracy on social 
media data. 

AI-Assisted and 

Explainable Hate 

Speech Detection for 

Social Media 

Moderators – A 

Design Science 

Approach[2] 

2021 E. Bunde Presents a design 
science approach for 

developing an 

explainable hate 

speech detection 

system for social 

media moderators. 

Emphasizes 

explainability and 

transparency to build 
trust. 

Contributes a 
prototype system 

that incorporates 

explainable AI 

techniques to 

provide human-

interpretable 

explanations for hate 

speech 

predictions.[61] 
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Explainable AI: 

current status and 

future directions[4] 

2021 P. Gohel, P. 

Singh, and M. 

Mohanty 

Presents an overview 

of the current status 

and future directions 

of explainable AI (XAI), 

highlighting its 

importance in building 

trust and 
transparency in AI 

systems like hate 

speech detection.[59] 

Contributes a 

comprehensive 

review of XAI 

techniques, 

challenges, and 

future research 

directions that can 
inform the 

development of more 

interpretable and 

trustworthy hate 

speech detection 

models. 

Hate speech 

detection: Challenges 

and solutions[7] 

2019 S. MacAvaney, 

H.-R. Yao, E. 

Yang, K. Russell, 

N. Goharian, and 

O. Frieder 

Discusses the 

challenges and 

solutions in hate 

speech detection, 

including data 
scarcity, subjective 

nature of hate speech, 

and the need for 

context-aware 

models.[71] 

Contributes insights 

into the challenges 

faced in hate speech 

detection and 

potential solutions to 
address them, paving 

the way for more 

robust and 

trustworthy hate 

speech detection 

systems. 

Social Media Hate 

Speech Detection 

Using Explainable 

Artificial Intelligence 

(XAI)[8] 

2022 H. Mehta and K. 

Passi 

Focuses on using 

explainable AI (XAI) 

techniques for hate 

speech detection on 

social media.[58] 

Contributes a 

framework for hate 

speech detection 

using XAI, 

demonstrating the 

potential of 
explainable models in 

enhancing 

transparency and 

trust in hate speech 

detection systems. 

Understanding and 

Interpreting the 

Impact of User 

Context in Hate 

Speech Detection[9] 

2021 E. Mosca, M. 

Wich, and G. 

Groh 

Explores the impact of 

user context (e.g., 

user network, user 

profile) on hate 

speech detection and 

its interpretation.[64] 

Contributes insights 

into the importance 

of considering user 

context in hate 

speech detection and 

the potential of 
explainable AI 

techniques for 

interpreting the 

impact of user 

context on model 

predictions. 

Lexicon Enriched 

Hybrid Hate Speech 

Detection with 

Human-Centered 

2022 M. Polignano, G. 

Colavito, C. 

Musto, Marco 

de Gemmis, and 

Presents a lexicon-

enriched hybrid 

approach for hate 

speech detection, 

Contributes a hybrid 

hate speech 

detection model that 

incorporates lexicon 
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Explanations[10] G. Semeraro combined with 

human-centered 

explanations.[65] 

features and provides 

human-centered 

explanations, 

enhancing 

transparency and 

interpretability. 

Offensive Language 

Detection 

Explained[11] 

2020 J. Risch, R. Ruff, 

and R. Krestel 

Focuses on explaining 

offensive language 

detection models and 
their predictions. 

Contributes insights 

into the importance 

of explainability in 
offensive language 

detection and 

presents methods for 

generating human-

interpretable 

explanations.[62] 

Hate speech and 

offensive language 

detection in Dravidian 

languages using deep 

ensemble 

framework[12] 

2022 P. K. Roy, S. 

Bhawal, and C. 

N. Subalalitha 

Explores hate speech 

and offensive 

language detection in 

Dravidian languages 

using a deep 
ensemble 

framework.[68] 

Contributes a deep 

ensemble model for 

hate speech and 

offensive language 

detection in low-
resource Dravidian 

languages, 

demonstrating the 

effectiveness of 

ensemble techniques 

in improving 

detection 

performance. 

Interpretable Multi-

Modal Hate Speech 

Detection[13] 

2021 P. 

Vijayaraghavan, 

H. Larochelle, 
and D. Roy 

Presents an 

interpretable multi-

modal approach for 
hate speech detection 

that combines text 

and image data.[67] 

Contributes an 

interpretable multi-

modal hate speech 
detection model that 

leverages both 

textual and visual 

information, 

enhancing 

transparency and 

interpretability in 

hate speech 

detection. 

Explainable Abusive 

Language 

Classification 

Leveraging User and 

Network Data[14] 

2021 M. Wich, E. 

Mosca, A. 

Gorniak, 
Johannes 

Hingerl, and G. 

Groh 

Explores explainable 

abusive language 

classification by 
leveraging user and 

network data.[66] 

Contributes a 

framework for 

explainable abusive 
language 

classification that 

incorporates user 

and network 

information, 

providing insights 

into the impact of 

contextual factors on 

5850



NeuroQuantology|November 2022| Volume 20 | Issue 19 | Page 5841-5870|Doi: 10.48047/nq.2022.20.19.nq99576 
Dipti Mittal et al/Enhancing Transparency and Trust in Hate Speech and Abusive Language Detection using Explainable AI: A 

comprehensive Review 

eISSN1303-5150                                                                                                                               www.neuroquantology.com                                     

 

model predictions. 

Towards 

generalisable hate 

speech detection: a 

review on obstacles 

and solutions[15] 

2021 W. Yin and A. 

Zubiaga 

Reviews the obstacles 

and solutions for 

achieving 

generalizable hate 

speech detection 

models.[70] 

Contributes a 

comprehensive 

analysis of the 

challenges and 

potential solutions 

for developing hate 

speech detection 

models that can 
generalize across 

different domains 

and datasets. 

 

2.1 Definitions and Terminology 

Hate speech refers to language that expresses 

hatred towards a targeted group or is 

intended to humiliate, intimidate, or incite 

violence based on attributes like race, 

religion, ethnic origin, sexual orientation, 

disability, or gender identity [7]. Defining 
what constitutes hate speech is challenging 

due to subjective interpretations and 

vagueness in what denotes an attack. Hate 

speech centers on malignant language that 

promotes harm toward protected groups, but 

determining what speech crosses the line 

from offensive to abusive continues to foster 

debate and policy differences. 

Related terminology like abusive language, 

offensive language, and profanity are 
sometimes used interchangeably with hate 

speech but have distinct meanings. Abusive 

language is broader, encompassing profanity, 

insults, and threats without necessarily 

relating to protected group attributes. 

Offensive language includes insensitive and 

vulgar terms that are not classified as hate 

speech if not directly inciting harm or 

reinforcing systemic oppression. Hate speech 

aims to subordinate protected groups, while 
offensive language more generally expresses 

disagreement or shock [8]. And profanity 

refers to usage of taboo or explicit words and 

topics widely considered inappropriate in 

formal settings. 

Other relevant terms include dog whistles, 

which are subtle encoded messages 

embedded in speech that are designed to be 

understood by a target group but not obvious 
to general audiences. For example, numeric 

hate symbols like 88 (referring to “Heil 

Hitler”) function as dog whistles with an 

overtly racist meaning detectable to hate 

groups but innocuous to most listeners. 

Coded language and ambiguous statements 

that convey implicit hate avoid direct use of 

slurs while still signaling hate to “in groups”. 

Identifying such nuanced manifestations can 
be challenging for both human listeners and 

automatic detection systems. 

Additionally, concepts like microaggressions 

and unconscious bias deal with less overt 

forms of abusive language. Microaggressions 

refer to indirect, subtle comments or actions 

that target minority groups and reinforce 

stereotypes. They manifest through things like 

backhanded compliments or avoidance of 

marginalized identities. Unconscious biases 
operate below the level of awareness but 

nonetheless influence perceptions and word 

choices when referring to protected groups. 

Identifying and addressing these ingrained 

societal biases remains difficult but important 

for holistic solutions to curb hate. 

In summary, terminology around harmful 

speech is complex, nuanced, and interrelated. 

Hate speech constitutes the most serious 

abusive attacks on protected groups, but also 
connects to concepts like coded language, dog 

whistles, microaggressions, and unconscious 

bias that enable indirect manifestations of 

hate. Consistent definitions are elusive due to 

inherent subjectivities when interpreting 

abrasive language and dual uses of words. 

2.2 Forms and Manifestations 

Hate speech appears in myriad linguistic 

forms, presenting challenges for both human 
analysis and computational detection. 

Harmful language constantly evolves as new 
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terms emerge and old terms get co-opted, 

similar to euphemism treadmills whereby 

replacements eventually inherit negative 

connotations. Major categories of how hate 

speech manifests include: 
i. Slurs and Epithets: Derogatory terms 

directly target protected groups, like 

racial and homophobic slurs. These 

explicit insults constitute obvious 

markers for hate speech detection. 

However, reclaimed uses of slurs 

within minority communities convey 

solidarity rather than harm. 

ii. Stereotyping and 

Dehumanization: Promoting 
prejudices about group attributes or 

comparing groups to non-human 

things like insects or diseases. Such 

narratives deny dignity and full 

humanity. 

iii. Calls for 

Exclusion/Segregation: Statements 

asserting groups do not belong in 

certain spaces or societies convey 

dangerous “othering”. 
iv. Calls for Harm/Violence: Explicit or 

subtle threats of physical harm 

including references to past violence 

against a group. Direct incitements 

pose the greatest risks. 

v. Belittlement and 

Dismissiveness: Comments 

diminishing significance or realities of 

marginalized groups’ concerns and 

struggles. 
vi. Sarcasm and Coded 

Language: Implied meanings through 

seemingly innocuous jokes or 

ambiguous phrases mask underlying 

threats. Requires cultural awareness 

to decode. 

vii. Dog Whistles and Symbolic 

References: Subtle symbols or 

embedded language fly under the 

radar beyond targeted groups but 
become apparent in aggregate. 

viii. Implicit Biases and 

Microaggressions: Comments 

reflecting unconscious prejudices 

through backhanded compliments or 

identity avoidance. Harder to regulate 

due to lack of intent. 

This diverse spectrum from explicit slurs to 

subtle implicit biases makes comprehensively 

identifying and defining hate speech difficult. 
Language provides endless creativity for 

packaging hate in novel ways that avoid 

obvious detection. The same terms can 

constitute hate speech or not depending on 

nuanced contextual factors and 

interpretations. Solutions require sufficiently 

modeling sociocultural knowledge and 

semantic relationships to identify coded and 

ambiguous manifestations. 

2.3 Impact on Society and Individuals 
The proliferation of hate speech online has 

significant detrimental impacts on individuals, 

communities, and society at large. However, 

protections against hate speech also raise 

tensions with free speech principles. As such, 

impacts highlight the need for solutions 

balancing safety and open discourse. 

For targeted individuals and communities, 

hate speech can lead to mental and emotional 

trauma in addition to enabling physical 
violence. Having an intrinsic identity attacked 

takes a significant psychological toll, especially 

for young people exploring their identity. 

Hate speech that goes unanswered can also 

create a sense that prejudiced views are 

acceptable in society [9]. 

Indirect effects on individuals include anxiety 

over safety, shifting behavior to avoid danger, 

and increasing mistrust between social 

groups. Hate speech that spurs real world 
violence devastates communities, like 

repeated mass shootings targeting minority 

groups precipitated by online radicalization 

[10]. The collective psychological harms of 

pervasive hate speech normalize prejudice 

and widen societal divisions. 

However, protections against online hate 

speech often run into conflicts with principles 

of free speech. Censoring offensive language 

risks limiting acceptable discourse and 
creating chilling effects on minority voices 

most likely to have speech policed. Yet 

unfettered hate speech also denies equal 

opportunities for minorities to participate in 

online spaces. Navigating these tensions 

remains challenging. 
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While free speech advocacy typically centers 

on government censorship, the dominance of 

a few major platforms in online discourse has 

led to calls for greater corporate responsibility 

to curb abuse enabled through their systems. 
However, reliance on profit-driven corporate 

judgement over speech restrictions raises its 

own issues. There are no simple resolutions 

between protecting free expression and 

limiting harm from hate speech. 

In summary, hate speech has serious negative 

consequences for individuals, social groups, 

and societal cohesion. Psychological trauma, 

normalization of prejudice, and 

marginalization of minority voices all stem 

from unchecked online hate. But regulating 

speech also risks censoring minority and 

dissenting opinions. Solutions must consider 
these multifaceted tensions between safety 

and speech. Technological interventions form 

only one component of promoting inclusive 

online spaces while protecting rights to 

expression. Holistic progress requires social 

and structural reforms beyond censoring 

individual instances of hate speech after the 

fact. 

Figure 4 The Role of Knowledge Graphs in Explainable AI(Taiwo Kolajo& Daramola, 2022) 

3. Current Approaches to Hate Speech 
Detection 

Hate speech, defined as language that attacks 

or demeans a person or group on the basis of 

attributes such as race, religion, ethnic origin, 

national origin, sex, disability, sexual 

orientation, or gender identity, has become 

an increasing concern with the growth of 

social media. Detecting and moderating hate 

speech is technically challenging and ethically 

complex [11]. Explainable artificial intelligence 
(XAI) offers a promising framework for 

developing more accurate and transparent 

hate speech detection systems. 

This review paper summarizes the current 
state of research on detecting hate speech 

and the role XAI techniques could play in 

improving performance and accountability. 

First, traditional methods and challenges in 

hate speech detection are reviewed. Next, 

current machine learning and natural 

language processing (NLP) techniques are 

discussed. Finally, limitations of existing 

methods and ethical considerations are 

outlined. Opportunities for XAI techniques to 
advance research in this area are highlighted 

throughout. 

 

Table 3 Potential Benefits of Explainable Hate Speech Detection(Sap et al., 2019) 

Benefit Description 

Audit for Biases Identify biases in training data or model logic through explanations 
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Enhance Trust Increase stakeholder trust by providing transparency into decisions 

Refine Performance Use explanations to pinpoint errors and iteratively improve accuracy 

Context Integration Incorporate demographic, network, conversation context for nuanced 

decisions 

Human-AI 

Collaboration 

Enable human oversight and correction through interpretable interfaces 

 

3.1 Traditional Methods and Challenges 

Online platforms rely on a mix of automated 

detection and human content moderation to 

find and remove hate speech. Traditional rule-

based methods involve developing keyword 

blacklists or regular expressions to match 

offensive language. However, identifying hate 
speech is extremely context-dependent. 

Simply detecting the presence of a slur does 

not necessarily indicate hate speech. As a 

result, large numbers of false positives 

frequently occur with rule-based approaches. 

Hate speech is also difficult to define 

consistently across cultures, communities, 

and platforms. What constitutes hate speech 

on Twitter may be different than on Reddit or 
Facebook [12]. Guidelines and definitions of 

prohibited content differ across platforms. 

There is not one universal standard. These 

inconsistencies make it challenging to develop 

automated detection tools that satisfy 

requirements across different online 

communities. 

In addition, by their very nature, machine 

learning algorithms can pick up on and 

amplify societal biases that plague human 
decision-making. As language evolves, 

frequent re-training is required to update 

blacklists, keywords, and classifiers. Overall, 

rule-based and traditional ML methods lack 

robustness and transparency around why 

particular content is classified as hate speech. 

3.2 Machine Learning and Natural 

Language Processing Techniques 

Recent research has focused on applying 

more advanced NLP and ML techniques to 
improve hate speech detection while 

addressing limitations of previous methods. 

State-of-the-art approaches treat hate speech 

detection as a text classification problem. 

Comments or posts must be classified as 

either containing hate speech or not based on 

the text content. 

Powerful ML models for NLP like BERT and 

Transformer networks now enable learning 
more complex linguistic relationships and 

nuances [13]. These models can better handle 

tricky attributes of language like sarcasm, 

ambiguity, cultural references, and context-

dependence which pose challenges for hate 

speech detection. 

Deep learning methods like recurrent and 

convolutional neural networks (RNNs, CNNs) 

have been widely used. Models combining 
RNNs and CNNs can learn textual 

relationships over different granularities from 

characters to full documents [14]. Attention 

mechanisms have also proven useful to 

enable focusing on the most relevant content. 

In addition, transfer learning by fine-tuning 

large pre-trained NLP models like BERT has 

become a predominant technique. Feature 

engineering is minimized by leveraging the 

hierarchical representations learned from vast 
datasets during pre-training. Fine-tuning then 

adapts these generative foundations to the 

hate speech classification task. 

While these advanced NLP models have 

pushed performance boundaries, there is still 

substantial room for improvement [15-17]. A 

major limitation of deep neural networks is 

interpretability. It remains difficult to fully 

explain their predictions. Current methods 

also struggle to incorporate broader context 
and metadata which provides useful signals 

for hate speech detection.
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Figure 5 Data cleaning(Mehta & Passi, 2022) 

3.3 Limitations and Ethical Considerations 

A core challenge is that NLP models predict 

based only on textual content, whereas 

human understanding relies heavily on 

broader context and environment. As 

language is highly dependent on context, 

metadata like author demographics, network 

structure, and conversation history can 

provide key cues. Integrating this alongside 
text remains an open research problem. 

Additionally, complex socio-cultural 

dependencies underlie interpretation of 

language. Certain terms or phrases may 

represent hate speech from one group 

directed at another, but not vice versa. 

Human moderators draw on lived experience 

and cultural familiarity to pick up on these 

nuances. Current NLP methods lack capacity 

to model these relationships meaningfully. 

Understanding model behavior on minority 

languages and dialects also lags behind. 

Performance disparities across demographic 

groups raise concerns about fairness and 

representation bias. Moreover, the 

definitions, motivations, and purposes behind 

developing hate speech detection tools 
critically shape their real-world impacts. 

Technology is never neutral. Practitioners 

have an ethical responsibility to consider what 

deployment of these systems reinforces in 

terms of social hierarchies, power dynamics, 

surveillance, and control. More transparent, 

faithful, and contextually-informed modelling 

of language remains imperative. 

Table 4 Ethical Considerations for Explainable Hate Speech AI(Sap et al., 2019) 

Consideration Description 

Fairness & Non-

Discrimination 

Avoid perpetuating societal biases against minority groups 

Privacy Protection Prevent exposure of sensitive user attributes through explanations 

Community Involvement Center voices and participation of marginalized communities 

impacted 

Governance Frameworks Develop regulations and oversight to ensure public accountability 

Impact Assessments Proactively evaluate potential negative consequences before 

deployment 

 

3.4 The Path Forward with XAI 

Explainable AI offers a promising framework 
to address current limitations in hate speech 

detection and model the complexities of 

language more faithfully. XAI encompasses 

both developing intrinsically interpretable 

models and explaining black box model 

behavior after the fact. 

Intrinsically interpretable approaches include 

using linear models, decision trees, rule-based 

systems, and nearest neighbor algorithms [18-

20]. Post-hoc methods involve techniques like 

LIME, saliency maps, and attention layers to 
explain model outputs. Combining these 

intrinsic and post-hoc explainability tools can 

enable developing hate speech classifiers that 

are highly accurate, robust, and transparent. 

Areas ripe for further exploration include 

graph-based networks that explicitly model 

relationships and community interactions. 

Causality-based models to infer effects of 

moderating certain content also hold 
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promise. Integrating semi-supervised learning 

and human-in-the-loop correction of model 

errors could strengthen performance and 

interpretability. 

Overall, XAI offers an avenue to build more 
ethical, accurate, and culturally-informed hate 

speech detection models. The socio-technical 

complexities of language necessitate AI 

systems that do not oversimplify. Leveraging 

XAI to produce contextually strong, faithful, 

and transparent classifiers remains imperative 
as online communication continues to evolve. 

 
Figure 6 XAI classification with respect to type of data(Gohel et al., 2021) 

4. The Need for Explainable AI in Hate 

Speech Detection 

Hate speech detection presents an ideal 

application area to demonstrate the merits of 
explainable AI (XAI). Transparency and 

explainability are critical to build trust and 

ensure these detection systems are fair, 

accountable, and socially responsible [21]. 

However, prevalent deep learning techniques 

act as impenetrable black boxes. XAI offers 

solutions to enable interpretations of model 

decisions and integrate broader context to 

address the nuances of language. 

4.1 Importance of Transparency and Trust 
Trust represents a crucial factor in the success 

of any AI system, especially one dealing with 

socially complex issues like hate speech. 

Stakeholders are more likely to accept model 

decisions if they can understand the 

reasoning behind them. Transparency enables 

scrutinizing for potential harms or biases 

which builds confidence. 

Explanations also facilitate correcting 

inevitable model errors to continuously 
improve performance. Users that feel 

empowered and informed as part of the 

detection process are more likely to find it 

legitimate. Fostering participation, 

accountability, and mutual learning bolsters 
system effectiveness and social reception [22-

23]. 

Obtaining public buy-in for hate speech 

detection is particularly essential as these 

technologies can directly impact free speech 

and expression. Without transparency, they 

run the risk of being viewed as arbitrary 

censorship. Justifiable evidence for 

classifications provides grounds to moderate 

content deemed harmful while protecting 
free discourse. 

4.2 Challenges with Black Box Models 

However, prevailing deep learning models for 

NLP operate as black boxes, lacking 

interpretability into their decision-making 

processes. The representations learned at 

deeper layers become extremely abstract and 

diffuse. The multilayer non-linear interactions 

make decoding rationale behind outputs 

intractable. 
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While these inscrutable systems can model 

complex linguistic relationships beyond 

human comprehension, they fail at common 

sense reasoning [24]. Blind trust in black box 

predictions, especially for socially impactful 
applications like content moderation, poses 

consequences. 

Research suggests even state-of-the-art NLP 

models rely on spurious correlations and 

heuristics like keyword matching rather than 

genuine understanding. Without fuller 

assessments, we cannot guarantee current 

hate speech classifiers generalize 

appropriately. 

Their opaque operation also raises ethical 

dilemmas around bias, fairness, and 
accountability. Discriminatory decisions can 

emerge from both model parameters and 

training data. Proprietary black box systems 

by private companies like Facebook evade 

public scrutiny and enforceability.

 

 
Figure 7 AI vs XAI(Gohel et al., 2021) 

4.3 Benefits of Explainable AI 

In contrast, XAI aims to produce transparent 

systems whose behaviors can be understood 

and justified. Intrinsic techniques like decision 

trees, linear models, and rule-based systems 

build interpretability directly into model 

design [25]. Post-hoc methods explain black 
box model outputs after the fact. 

Combined XAI approaches for hate speech 

detection offer several advantages: 

i. Explanations can identify linguistic 

cues, relationships, and examples a 

model uses rightfully or improperly to 

make classifications. These insights 

enable correcting systemic biases and 

improving precision. 

ii. Modeling context like author 
demographics, network connections, 

and conversation history alongside 

text can capture nuanced social 

dependencies missed by current 

classifiers. Integrating this contextual 

knowledge leads to more fair, 

nuanced, and culturally aware 

systems. 

iii. Interpretability facilitates deeper 

auditing to uncover potential harms 
on minority communities 

disproportionately impacted by 

technology. Detecting and rectifying 

discriminatory model behavior is 

essential for social justice. 

iv. Transparency builds trust in the 

detection process and its outcomes 

among key stakeholders like users, 
regulators, and platform operators. 

Trust enables constructively 

addressing challenges to enhance 

effectiveness. 

v. Explanations empower human-in-the-

loop correction of model errors to 

continuously refine performance on 

ambiguous, context-dependent cases. 

More accurate systems result from 

this collaboration. 
In summary, XAI presents a promising path to 

designing ethical, socially-informed hate 

speech detection systems that model the true 

complexities of language. Interpretability and 

transparency should constitute core 

principles, not afterthoughts. Advancing XAI 

methods to explain detection model 

behaviors and incorporate contextual 

knowledge remains critical work to enable 

just, accountable, and inclusive online 
communities. 
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5. Explainable AI Techniques 

A variety of techniques exist under the 

umbrella of explainable AI that can be 

leveraged to interpret predictions and 

improve transparency in hate speech 

detection systems. These include developing 

intrinsically interpretable models, model-

agnostic approaches to extracting post-hoc 

explanations, and methods to surface 

influential features in input data. 

 
Figure 8 Overview of Explainable AI Approaches(Taiwo Kolajo& Daramola, 2022) 

5.1 Interpretable Models 
Some ML algorithms are inherently 

interpretable by design. Linear models 

directly reveal the learned relationships 

between input features and predictions 

through their coefficients. The magnitude and 

sign of coefficients indicate the influence of 

variables [26]. 

Decision trees partition data to derive rule-

based relationships readable as branching 

conditional statements. The tree structure 
surfaces the most salient divides in the 

feature space. Shorter trees with fewer nodes 

tend to enhance interpretability. 

K-nearest neighbors classifiers simply look at 

similarity of new examples to labeled 

instances. The closest instances provide 

intuitive rationales for predictions. However, 

nearest neighbors models lose interpretability 

as dimensionality increases [27]. 

While these transparent model families have 
trade-offs in terms of performance, they 

provide viable starting points for hate speech 

detection. Linear models and trees can 

capture straightforward keyword lookups and 

phrase associations that constitute obvious 

indicators. 

5.2 Post-hoc Explanation Techniques 

Post-hoc techniques are model-agnostic 

methods for explaining any black box 

classifier. Local interpretable model-agnostic 
explanations (LIME) learns an interpretable 

surrogate model like a linear model or 

decision tree to locally approximate complex 

model behavior. The fidelity of the surrogate 

provides insights into the original model [28]. 

Saliency maps highlight input features most 

influential to a model’s output through 

gradient or perturbation based methods. For 

example, a saliency map could indicate which 
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words or phrases in a social media post most 

triggered a hate speech classification. 

Layer-wise relevance propagation (LRP) 

decomposes neural network classifications 

down through layers to determine relevance 
of input variables. LRP connects model 

predictions back to fragments of evidence in 

the input, such as latent semantics [29]. 

Attention layers in neural networks perform a 

type of embedded feature selection, learning 

to focus on pertinent regions of input text. 

The distributions quantify feature 

significance. However, current attention 

methods lack full explanatory power. 

Interactive visualizations also help users build 
mental models of high-dimensional data 

relationships. Contrastive explanations show 

examples with slight modifications that the 

model judges differently to reveal causal 

dependencies. 

5.3 Model-Agnostic Interpretability 

Methods 

Model-agnostic methods treat the original 

model as a black box and seek to explain its 

predictions without access to model internals. 
These approaches are model inclusive and do 

not require changing existing pipeline 

One approach is to treat the model as a 

conditional probability distribution P(y|x) that 

maps inputs to outputs. New, simpler 

interpretable models are trained to 

approximate this function while optimizing for 

fidelity to the original model [30]. 

For example, a linear model can be trained to 

explain a black box hate speech classifier by 
regressing model outputs against input posts 

using a loss function that maximizes local 

faithfulness. The linear model’s weighted 

terms highlight salient textual features that 

activate the hate speech model. 

Counterfactual examples which are minimally 

modified from the original input to change 

the black box model’s decision also provide 

insight into its logic. For a social media post 

deemed hate speech, replacing a single 
offensive term with a benign synonym and 

seeing the classification change demonstrates 

sensitivity to that term. 

Prototypes and criticisms find archetypal 

input examples that represent concepts 

learned by deep neural networks. Extracting 

prototypical hate speech comments allows 

auditing for biases correlated with protected 

attributes like race or gender. Criticisms 

reveal failure modes. 

Overall, post-hoc agnostic methods enable 
constructing explanations without needing to 

access model parameters or training data. The 

modular nature supports retrofitting 

interpretability to any classifier. 

5.4 Directions for High-Impact XAI 

In the context of hate speech, XAI methods 

should focus explanations on highlighting 

influences of protected attributes, 

questioning proportionality, and surfacing 

intersectional biases. 
Impactful XAI needs to move beyond 

explaining outputs for individual inputs to 

model behavior more holistically across 

groups. Auditing methods that quantify 

aggregate model performance on 

marginalized communities are critical. 

Ultimately, hate speech detection requires 

grappling with complex questions around 

harm, values, and social responsibility that 

pure technical solutions cannot address alone. 
XAI enables collaboratively building more just 

systems, but should not absolve us of 

continued vigilance. The path forward 

necessitates sustained engagement with 

impacted communities and stakeholders. 

This section reviewed explainable AI 

techniques relevant for increasing 

transparency in hate speech detection 

systems. Interpretable models offer intrinsic 

explainability. Post-hoc methods can be 
retrofitted to demystify black box classifiers. 

Altogether, XAI aims to open these socially 

impactful technologies to ethical scrutiny, 

spur progress, and build trust. But purely 

technical interventions are incomplete 

without sustained social dialogue and human 

oversight. 

6. Applications of Explainable AI in Hate 

Speech Detection 

While still an emerging area, initial studies 
demonstrate the potential for explainable AI 

to increase transparency, address biases, and 

improve hate speech detection performance. 

Both intrinsic and post-hoc explanation 

methods have seen practical use. Ongoing 

challenges include evaluation metrics and 
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extending beyond constrained lab settings 

into real-world deployment.The passage 

discusses the emerging field of explainable AI 

(XAI) and its potential applications in 

increasing transparency, addressing biases, 
and improving hate speech detection 

performance. It highlights various case studies 

and examples where explainable models and 

post-hoc explanation methods have been 

employed. 

6.1 Case Studies and Examples 

1. use of Explainable Models: 

Researchers utilized explainable models such 

as linear support vector machines (SVMs) and 

random forests to detect misogynistic tweets. 
These models identified strongly weighted 

terms like "slut" and "ugly" as indicators of 

misogyny. By inspecting coefficients, 

researchers could uncover overt keywords 

contributing to the model's predictions. 

2. Bayesian Logistic Regression: 

Another study employed a Bayesian logistic 

regression classifier for racism detection. This 

probabilistic model enabled users to query for 

explanations, such as identifying the most 
decisive evidence behind predictions. This 

approach supports interactively identifying 

false positives and understanding the 

reasoning behind model decisions. 

3. Post-hoc Explanation Methods: 

For opaque neural networks, post-hoc 

methods like Local Interpretable Model-

agnostic Explanations (LIME) have been 

applied. LIME is used to locally approximate 

hate speech classifiers and reveal influential 
features such as phrasing, punctuation, and 

stopwords. Additionally, prototypes of toxic 

comments highlighted discriminatory 

assumptions. 

4. Counterfactual Examples: 

Counterfactual examples have proven useful 

for deep networks classifying Reddit 

comments. By replacing words like racist or 

sexist terms with synonyms, researchers could 

alter predictions and demonstrate model 
sensitivity. This approach reveals the minimal 

edits required to flip decisions and exposes 

underlying model heuristics. 

5. Visualization Techniques: 

Attention layers in deep classifiers visually 

show which specific terms, sentences, and 

linguistic patterns the model fixates on as 

highly relevant for hate speech detection. 

However, while these attention methods 

provide insight into model behavior, they may 
still lack full explanatory power in describing 

model reasoning comprehensively. 

6. Overall Impact: 

These case studies illustrate how both 

intrinsic and post-hoc XAI techniques can be 

used to audit models, validate predictions, 

correct errors, and probe for biases. 

Explanations enable practitioners to become 

more critical consumers of AI outputs by 

understanding the reasoning behind model 
decisions rather than blindly trusting black 

box outputs. 

Attention layers visually showed which 

specific terms, sentences, and linguistic 

patterns deep classifiers fixated on as highly 

relevant for hate speech. However, current 

attention methods still lack full explanatory 

power in describing model reasoning. 

These cases illustrate how both intrinsic and 

post-hoc XAI techniques can begin auditing 
models, validating predictions, correcting 

errors, and probing for biases. Explanations 

enable practitioners to become more critical 

consumers rather than blindly trusting black 

box outputs. 
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Figure 9 A pipeline of the proposed Methodology(Nandini & Schmid, 2021) 

6.2 Performance Evaluation Metrics 

i. Rigorously evaluating the quality of 

explanations themselves remains an 

open challenge. Proposed metrics 

include: 

ii. Faithfulness - How well does the 

explanation match what the model 

actually computes? Explanations 
should correlate with model internals. 

iii. Stability - Explanations for similar 

inputs should remain consistent, 

without unexplainable fluctuations. 

iv. Complexity - More parsimonious 

explanations are preferred for 

interpretability. But overly simple 

rationales may fail to fully describe 

model behavior. 

v. Interpretability - Ultimately, human 
evaluation is needed to assess if 

explanations make sense and prove 

useful in practice. Qualitative 

feedback should inform quantitative 

metrics. 

However, these metrics entail significant 

human oversight to judge how satisfactory an 

explanation appears. Research into 

formalizing evaluation and standardized 

benchmarks for XAI continues. 
6.3 Real-world Implications 

Studies have yet to comprehensively 

demonstrate XAI’s impact for hate speech 

detection at real-world scale and under full 

complexity [34]. Challenges around deploying 

XAI include: 

i. Evolving Language - Can explanations 

remain up-to-date as language used 

in marginalized communities rapidly 

changes? 

ii. Cultural Context - Does 

decontextualized inspection of 

keywords and phrases miss cultural 

references that humans understand? 

iii. -Intersectional Biases - Are 

explanations granular enough to 
uncover overlapping identity-based 

biases? 

iv. Automation Complacency - Do 

explanations encourage over-trusting 

models versus continued vigilance? 

v. Gaming Exploits - Could transparency 

enable malicious actors to 

deliberately evade detection? 

Addressing these issues requires going 

beyond model-centric evaluation to instead 
assess social impact on affected user groups. 

XAI should empower, not inadvertently harm. 

In summary, initial promising applications 

demonstrate how explainable AI can inspect, 

evaluate, and refine hate speech classifiers by 

increasing transparency. However, significant 

work remains to develop best practices and 

rigorously validate benefits for real-world 

systems. The ultimate test will come through 

deployment within actual online platforms 
and communities [35]. Beyond technical 

progress, sustained engagement around 

ethics and values will prove critical for socially 

responsible AI. 

7. Ethical and Societal Considerations 

Applying explainable AI to socially impactful 

tasks like hate speech detection raises 

important ethical questions around bias, 
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fairness, privacy, and regulation. While XAI 

aims to increase accountability, fully 

addressing these issues necessitates broader 

participation beyond the technical 

community. 
7.1 Bias and Fairness in Hate Speech 

Detection 

A core motivation behind XAI is mitigating 

bias and unfairness perpetuated by opaque 

algorithms. However, detecting hate speech 

has inherent challenges around embedded 

social biases. Speech is not hateful in the 

abstract but harmful based on attributes of 

the target group [36]. 

For example, racial slurs directed against 
historically disadvantaged minority groups 

constitute hate speech. But the same term 

used by minority communities to reclaim 

power would not be considered hateful. 

Modeling these societal relationships requires 

nuanced understanding. 

Without explicit mechanisms to encode 

context, ML models can learn spurious 

correlations. A classifier trained only to flag 

racial epithets will inevitably associate 
minorities with toxicity and demonstrate 

performance disparities across groups. 

While XAI can bring problematic model 

behavior and training biases to the surface 

through explanations, it does not intrinsically 

address origins of unfairness. Subject matter 

experts and community input are 

indispensable to contextualizing explanations 

and guiding reform [37]. 

7.2 Privacy Concerns 
Generating explanations also risks exposing 

private information unrelated to judgments. 

Post-hoc methods that highlight influential 

features in an input could reveal attributes 

users did not intend to submit. This raises 

privacy concerns over how explanation 

interfaces expose personal data. 

For example, a saliency map could indicate an 

author’s sexual orientation informed model 

decisions, even if not explicit in their post. 
Well-intentioned transparency could still 

breach sensitive user expectations around 

uncontrolled data usage. 

Secure and privacy preserving XAI techniques 

are needed. Explanations must also be 

presented at appropriate levels of 

abstraction. Inspecting model logic should 

never take priority over individual rights to 

consent, privacy, and ownership of personal 

data. 

7.3 Legal and Regulatory Frameworks 
Broader governance challenges for automated 

hate speech detection include setting 

thresholds for tolerable accuracy, assigning 

accountability, and remedies for disputes and 

harms [38-40]. While companies currently set 

their own standards, regulation and oversight 

may be warranted to ensure public 

accountability. 

Laws like Europe’s GDPR give users some 

rights to explanation for algorithmic decisions 
that significantly impact them. Extending such 

safeguards globally could reinforce that AI 

must serve all groups justly, not accrue gains 

for some at the expense of marginalized 

communities. 

However, governments also have an abysmal 

track record on surveillance, censorship, and 

protecting minorities. State regulation poses 

risks of restricting speech and access to 

information. Multi-stakeholder participation is 
needed to develop democratic and just 

sociotechnical frameworks[98]. 

No singular technical solution will address 

fundamental debates around free expression 

versus combating harm, public versus private 

regulation of platforms, and the values 

technology should encode. But XAI enables 

those conversations by exposing AI behaviors 

for scrutiny. Keeping explainability in service 

of human rights and social progress remains 
imperative[99]. 

In conclusion, realizing the full benefits of 

explainable hate speech detection obligates 

grappling with complex ethical tradeoffs 

around bias, privacy, governance, and societal 

impact[100]. Technological interventions 

enable progress but insufficient without 

sustained, inclusive public deliberation to 

align AI with humanistic values. Centering 

participation of affected groups is essential so 
technology aids emancipation rather than 

control. 

8. Future Directions and Challenges 

While explainable AI offers promising 

opportunities to improve hate speech 

detection, significant research and 
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implementation challenges [41]. Ongoing 

advances in models and methods, gaps in 

current understanding, and recommendations 

for stakeholders are discussed below to chart 

strategic areas for continued progress. 
8.1 Emerging Technologies and Trends 

Several emerging technologies could enhance 

explainability of hate speech systems: 

 Causality-based modeling to infer 

how moderating specific content 

impacts outcomes like user attitudes 

or behaviors. This moves beyond 

explaining individual predictions to 

broader effects. 

 Graph neural networks that directly 

model relationships between entities 

like users, posts, platforms, and 

concepts. Relational reasoning better 

captures community contexts. 

 Iterative human-AI loops for 

interactive annotation, explanation, 
and error correction to continuously 

refine performance based on human 

oversight. 

 Secure enclaves and confidential 

computing for privacy-preserving 

explanations that avoid exposing 

sensitive user data. 

 Crowdsourcing annotation and 
evaluation of explanations using both 

expert coders and community 

participants to scale up assessments. 

 Cross-cultural hate speech datasets 

that better represent global linguistic 

diversity and enable evaluating model 

robustness across geographic 

variation. 

 Standards and benchmarks for 

explainability tailored to language 

tasks like hate speech to 

quantitatively evaluate merits of 

different methods. 

These cutting edges demonstrate promise to 

overcome limitations like relational reasoning, 

evaluation, privacy, participation, and 

generalization [42-45]. 
8.2 Remaining Gaps and Research 

Opportunities 

A. Quantifying Trust and Acceptance: 

One of the primary challenges is quantifying 

how explanations generated by XAI 

techniques actually increase trust and 

acceptance of model decisions among 

different stakeholder groups. This involves 

conducting user studies to assess the impact 

of explanations on user perception and 
decision-making. Understanding the 

effectiveness of explanations in building trust 

is crucial for the widespread adoption of AI 

systems. 

B. Applicability to Multiple Languages: 

While XAI techniques have been developed 

and studied extensively in English, their 

applicability to other languages, especially 

low-resource languages, remains a challenge. 

Adapting XAI methods to different languages 
requires addressing linguistic nuances, 

cultural differences, and availability of labeled 

data. Research in this area aims to make XAI 

more inclusive and globally applicable. 

C. Handling Evolved Terminology: 

Hate speech and offensive language evolve 

over time, with perpetrators constantly 

finding new ways to express harmful 

sentiments. XAI systems need to adapt to 

these changes through semi-supervised 
learning techniques and updated lexicons. 

This involves continuously updating models 

with new data and refining algorithms to 

detect emerging forms of harmful language 

effectively. 

D. Preventing Gaming and Manipulation: 

Transparent AI systems are susceptible to 

manipulation and gaming by malicious actors. 

Ensuring the integrity of explanations and 

preventing manipulation is critical for 
maintaining trust in AI systems. Techniques 

such as adversarial testing, robustness checks, 

and algorithmic auditing can help detect and 

mitigate attempts to exploit vulnerabilities in 

XAI systems. 

E. Rigorous Evaluation Methods: 

Current evaluation methods for XAI systems 

often rely on quantitative proxy metrics, such 

as accuracy and F1 score, which may not 

capture the full extent of explanation quality 
and utility. Developing rigorous qualitative 

evaluation methods is essential for assessing 

the comprehensibility, relevance, and 

usefulness of explanations. This includes 

methodologies for assessing explanations 
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from both expert and non-expert 

perspectives. 

F. Accessible Explanation Interfaces: 

Designing explanation interfaces that are 

accessible and useful to non-experts is a 
significant challenge. Explanations should be 

presented in a format that is easy to 

understand, interpretable, and actionable for 

users who may not have a technical 

background. User-centric design principles, 

usability testing, and human-computer 

interaction research are essential for creating 

intuitive and user-friendly XAI 

interfaces.Addressing these gaps will better 

substantiate benefits of XAI and guide 
development of impactful, ethical, and 

socially-aware systems [46-48]. 

8.3 Recommendations for Practitioners 

and Policymakers 

Realizing the positive potential of explainable 

hate speech detection imposes 

responsibilities on technology practitioners 

and governance institutions: 

 Prioritize participatory design 
including representatives from 

marginalized groups who 

disproportionately experience online 

hate and its consequences. 

 Incorporate explainability early in the 

development lifecycle, not as an 

afterthought. Build XAI capabilities 

directly into model architectures. 

 -Rigorously audit for and address 

discriminatory biases that 

explanations reveal in training data or 

model decisions. Establish external 

oversight if needed. 

 Conduct impact assessments to 

proactively identify potential harms 

from deployment and ensure AI does 

not inadvertently disempower 
minority communities. 

 Implement safeguards around data 

privacy and consent when generating 

explanations that expose user 

information. 

 Develop accessible interfaces for non-

expert stakeholders to interact with 

explanations and provide input into 
models. 

 Institute standards for explainability 

tailored to high-consequence AI 

applications like content moderation. 

 Support independent scrutiny and 

research on the efficacy of 

explanations for improving 
transparency and accountability. 

 Explainable AI offers promising 

techniques, but thoughtful translation 

into practice is imperative to truly 

support positive social change [49-

50]. 

In summary, realizing the potential of XAI for 

hate speech detection requires sustained 

progress across many research fronts, 
deliberative governance, and centering the 

needs of marginalized communities. The way 

forward must address gaps through 

multidisciplinary collaboration while 

emphasizing justice, accountability, and 

human rights[73]. 

Table 5 Open Challenges and Future Directions 

Challenge Description 

Evaluation Metrics Standard benchmarks to rigorously assess quality of explanations[92] 

Cross-Cultural Robustness Extend beyond English to multilingual and contextual variations[93] 

Evolving Language Adapt explanations as terminology and coded hate evolves rapidly[94] 

Intersectional Biases Capture overlapping identity-based biases and nuanced toxicity[95] 

Human-Centered Design Develop intuitive explanation interfaces accessible to non-experts[96] 

Gaming Exploits Prevent potential manipulation attacks on transparent models[97] 

9. Conclusion 

Hate speech online poses complex challenges. 

Detection through AI offers promising 

solutions but raises valid concerns given the 

technology’s real-world impacts. This review 

synthesized current research on leveraging 

explainable AI techniques to make hate 

speech systems more accurate, fair, 

accountable, and socially aware[74-76]. 
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Key findings demonstrate XAI’s potential to 

audit models for biases, generate 

interpretable explanations for predictions, 

and incorporate contextual knowledge into 

decisions. Initial studies reveal techniques like 
intrinsically interpretable models, post-hoc 

explanations of black boxes, and interactive 

visualizations that increase transparency[77-

79]. 

However, realizing benefits at scale requires 

addressing gaps around evaluation, 

participation, privacy, and integration into 

real-world pipelines. Methods for quantifying 

model fairness across groups and preventing 

unintended gaming of transparent systems 
remain open needs. Broader governance and 

regulations may help align technology with 

humanistic values[80-83]. 

Fundamentally, hate speech detection 

requires sustained engagement with 

impacted communities. Purely technical 

interventions are insufficient without 

centering voices marginalized by online 

toxicity. Participatory design and oversight 

mechanisms integrating public contributions 
are imperative[84-85]. 

Explanation alone does not guarantee trust or 

address the roots of bias. But responsibly 

applied, XAI can expose flawed assumptions, 

empower audits, and catalyze progress 

toward justice. Hate speech detection models 

must be held accountable. Core principles of 

consent, privacy, and human rights should 

guide development[86-88]. 

Significant opportunities exist for XAI to build 
more transparent hate speech systems. But 

participatory governance and an ethics of 

empowerment are essential to ensure AI 

equitably serves society. With diligence and 

collective wisdom, technology can aid 

emancipation, not oppression. There is no 

easy solution, but the path forward must 

honor both diversity and human dignity[89-

91]. 
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