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ABSTRACT
Language usage on social media varies widely even within the
context of American English. Despite this, the majority of natural
language processing systems are trained only on “Standard Ameri-
can English,” or SAE, the construction of English most prominent
among white Americans. For hate speech classification, prior work
has shown that African American English (AAE) is more likely
to be misclassified as hate speech. This has harmful implications
for Black social media users as it reinforces and exacerbates exist-
ing notions of anti-Black racism. While past work has highlighted
the relationship between AAE and hate speech classification, no
work has explored the linguistic characteristics of AAE that lead to
misclassification. Our work uses Twitter datasets for AAE dialect
and hate speech classifiers to explore the fine-grained relationship
between specific characteristics of AAE such as word choice and
grammatical features and hate speech predictions. We further in-
vestigate these biases by removing profanity and examining the
influence of four aspects of AAE grammar that are distinct from
SAE. Results show that removing profanity accounts for a roughly
20 to 30% reduction in the percentage of samples classified as ’hate’
’abusive’ or ’offensive,’ and that similar classification patterns are
observed regardless of grammar categories.
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1 INTRODUCTION
Language usage on social media differs widely even within the
context of American English speakers. Dialect and word choice
varies widely by location, age, ethnicity, and online community.
However, the vast majority of natural language processing systems
rely mainly on “Standard American English" (SAE), the dialect most
commonly used among white Americans [32]. Prior works have
explored how this impacts performance of these systems on African
American English (AAE) text. In particular, prior works provide
evidence that hate speech classification systems and sentiment
analysis tend to classify AAE text as more likely to be hate speech or
another form of toxic speech [8, 17, 22, 35]. This issue is particularly
dangerous as it exacerbates existing notions of anti-Black racism
that frame Black people as aggressive and inherently dangerous.

The majority of prior works in this domain focus on identifying
these biases or proposing various strategies to mitigate bias, the
majority of which, rely on educating data annotators on AAE and
generally improving data by including more AAE samples [8, 17,
22, 35]. Identifying and providing evidence of these biases and
proposingmitigation strategies are both important steps in reducing
the harm towards Black people perpetuated by these systems. Our
work takes a unique approach that adds depth to the existing work
on this topic.We expand on exploring the hate speech classifications
of AAE text by focusing on the specific aspects of grammar and
word choice. Few prior efforts explore how specific characteristics
of AAE text may correlate with higher or lower rates of these types
of misclassification. We hope by exploring how word choice and
grammar patterns may impact the classification, this work can
inform future bias-mitigation strategies, especially those that do
not rely on data collection and annotation alone.

In this work, we focus on investigating the relationship between
AAE and hate speech classification. First we seek to verify the
relationship between hate speech, offensive speech, and abusive
speech classifications for AAE. Then we explore several linguistic
aspects of AAE tweet text including word choice and grammar
features to understand which aspects of the dialect most strongly
relate to the way it is classified. Concretely, we frame our work
around two primary research questions:
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(1) How strongly does use of swear words or “offensive lan-
guage" impact the hate speech classification of AAE text?

(2) How do grammatical patterns of AAE tweets impact the hate
speech classification of AAE text?

We set up our experiments by training two hate speech classifi-
cation models and applying them to a dataset of AAE text. Then
we answer RQ1 by first searching our AAE dataset for samples
containing offensive language and analysing the predictions on this
corpus. Next, we replace swear words with a semantically equiva-
lent non-offensive word, screen our samples for similar meaning,
and then apply the same classification system to our censored text.
To answer RQ2, we develop an AAE-Like Grammar Dictionary
that captures words and phrases that are common within specific
grammar sub-categories of AAE: auxiliary verbs, aspectual markers,
preverbal markers and syntactic and morphosyntactic properties.
We give some background information on the AAE dialect in Sec-
tion 4, and explain the AAE-Like Grammar Dictionary in full in
Section 5.4. Our findings suggest that controlling for swear words
has a significant impact on reducing the bias towards AAE, and
that the four grammar categories we examined appear to have lit-
tle impact. The implications of these findings are that future hate
speech classification systems should rely less strongly on individual
words and perhaps consider the identity of the speaker or context
of the text in classifications. Further, we discuss the importance
of reducing this disparity, not only due to the racist, anti-Black
implications of classifying benign AAE text as hate speech, but
also that these misclassifications may obscure true in-group hate
speech directed towards Black people with additional marginalized
identities.

2 DEFINITIONS OF HATE SPEECH TERMS
Our work relies on several different terms from hate speech classi-
fication literature. These terms are defined differently across social
media platforms and across literature that seeks to label and regu-
late online speech. Here we will discuss the definitions and uses of
these terms as well as how we use them in our work.

“Hate speech" differs in exact definition across the literature but
there are some common components of how it is defined. Generally,
hate speech is defined as any speech that includes violence, emo-
tional harm, or that is derogatory or humiliating towards others
[9, 13]. Hate speech definitions place an emphasis on speech that
is harmful to a group on individual on the basis of marginalized
identities such as racial group, religion, ethnicity, nationality, sexual
orientation, disability, or gender [9, 13, 23]. While hate speech is a
large concern for researchers and social media sites alike, there are
other harmful forms of speech online that fall into other categories
of toxic language. In our work, “hate speech" is the most severe
form of toxic language.

Founta et al. propose a definition of “abusive language" as a
category of online language that is harmful but distinct from and
less severe than hate speech [13]. The definition can be summarized
as any language that is hurtful or rude, especially language that
includes profanity and language used to degrade others. The most
obvious distinction from hate speech is that abusive language is
generally derogatory or rude, while hate speech often targets a
specific marginalized group or identity and often includes violence.

For the purposes of our work, the abusive speech classification is
for language that is less severe than hate speech, but still potentially
harmful. Founta et al. also explains that abusive language is rare,
with it making up .1 to 3% of data, and that is highly correlated with
offensive language by human annotators even when clear distinct
definitions are provided [13].

Davidson et al. [9] propose a definition of “offensive language" as
a category of online language that is distinct from hate speech and
much less severe. Offensive language is any speech that includes
profanity or other offensive terminology. Like abusive language,
offensive language is distinct from hate speech because it does not
necessarily include violence, threats, or attacks on a specific pro-
tected category, and is considered less severe than “hate speech"
[9, 13]. The definitions of abusive language and offensive language
are similar across the literature, however the key difference is offen-
sive language includes any text regardless of harmfulness rudeness
that includes offensive words (such as any profanity).

One complication with defining “offensive language" for natural
language systems is that what terms are considered offensive de-
pends heavily on context. Words that are considered very offensive
within one community may be considered much less offensive or
normal in another. This issue presents with the relationship of AAE
text and offensive speech classification. While the “n slur" is consid-
ered hate speech when used by non-Black individuals, within the
Black community the term is often reclaimed and used in a non-
derogatory way, especially within inter-community spaces such as
within “Black Twitter" [34]. Similarly, individuals of many different
marginalized identities reclaim the slurs and negative epithets used
against them. This particular issue was a motivation for Davidson
et al. [9] to propose the definition for offensive speech: to distin-
guish offensive language that is not necessarily hateful such as use
of these reclaimed words, from hate speech. Generally speaking,
when natural language systems rely simply on word choice rather
than dialect, community, and context, marginalized communities
can be punished for the practice of reclaiming these words. We
discuss in detail in Section 6.

Toxic language is an umbrella term that includes identity-based
attacks, bullying, trolling, threats of violence, and sexual harass-
ment. Hate speech along with any other online harassment is in-
cluded under toxic speech [23]. In ourwork, we use “toxic speech" as
an umbrella term that encompasses “hate speech", “abusive speech",
and “offensive speech."

3 RELATEDWORK
Our work focuses on understanding the relationship between hate
speech classification andAAE as an under-served and under-studied
dialect of American English. In general, accurately classifying Eng-
lish text as hate speech is an important topic within natural lan-
guage processing research. More general solutions to this include
Hate Base [39] which relies on a corpus of words heavily associ-
ated with hate speech to identify hate speech. Another common
approach is to leverage block lists of specific accounts such as
with BlockTogether [18] to preemptively block accounts that have
tweeted hate speech or other toxic language. However, these so-
lutions do not offer much nuance. As explored by Jhaver et al.,
while blocklists can be helpful for those who experience continual
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harassment, they do not reduce harassment entirely. Furthermore
many users placed on block lists feel that they were added unfairly
and have little opportunity to be removed [19].

For further nuance and complexity, scholars rely on machine-
learning-basedmethods to classify hate speech. For example,Waseem
and Hovy (2016) create a model that relies on a collection of pre-
dictive features of hate speech [42]. Davidson et al. [9] proposes
a model which detects offensive speech and hate speech as two
distinct categories (per definitions in section 2). These works are
part of a large body of work that addresses hate speech classifica-
tion with classical machine learning models (such as reinforcement
learning, support vector machines, etc). As explained by Schmidt
et al., [36], classical machine-learning models for this task tend to
utilize a specific set of features. These include, simple surface fea-
tures (such as word and character n-grams) [4, 5, 9, 27, 40, 42], word
generalization [11, 27], sentiment analysis [40], lexical resources
[4, 27], linguistic features (such as word dependencies or part of
speech information) [4, 5, 9, 27], and meta information (such as
user information or post history) [42].

More recent work has focused on utilizing deep learning rather
than classic machine-learning methods for this task. One such
example is the model proposed by Founta et al. which leverages
features that have been successful for classical methods including
user and text data for a Recurrent Neural Network [12]. Siddiqua
et al. [37] combine several deep learning techniques and relies on
three pre-trained models for feature encoding, BERT, DeepMoji,
and InferSent. These and other deep learning models for this task
mostly rely on a few popular approaches including Convolutional
Neural Nets [1], Recurrent Neural Nets [30], Bi-LSTM [33], and
word embeddings (ie BERT, Word2Vec, and TF-IDF Vectorizor),
many of which combine these techniques [1].

Recently scholars have begun devoting more attention to identi-
fying and attempting to address bias in natural language systems.
Prior work has noted biases towards AAE and towards African
American names compared to European American names in senti-
ment analysis [16, 22] and in English language identification appli-
cations [2]. Similar biases were found towards AAE and towards
Black twitter users (not necessarily using AAE) in hate speech clas-
sification systems [8, 35]. Sap et al. also propose the approach of
racial priming, or educating data annotators on racial and dialecti-
cal differences before annotating training data, and show that this
approach reduces bias [35]. This is consistent with prior work that
notes the difference annotation expertise makes in model perfor-
mance [41]. Other bias mitigation strategies have been proposed
in the literature. For example, predicting users’ demographic infor-
mation [31] to inform other predictions such as offensive speech.
Zhou et al. [44] shows that common debiasing techniques are not as
effective at mitigating bias towards AAE as de-biasing the training
data. Halevy et al. proposes an framework that utilizes a specialized
classifier trained on AAE text to mitigate bias towards AAE [17].

While many of these works show evidence of the bias towards
AAE in various text classification systems and propose mitigation
strategies, none of these works explore the specific attributes of
AAE that contribute to these biases. Our work expands on these
works by exploring specific and granular linguistic aspects of AAE
text and how they contribute to the biases. Our work makes a
novel contribution by exploring how the use of profanity and use

of specific grammar properties unique to the dialect affect the clas-
sifications of AAE text.

4 BACKGROUND ON AFRICAN AMERICAN
ENGLISH

African American English, also referred to as African American
Vernacular English (AAVE) or Ebonics, is an English variation cre-
ated and used by Black people in the United States. For the sake of
simplicity we refer to AAE as a dialect in this work, however, we
acknowledge that debates exist among linguists about weather AAE
is better classified as a dialect, sociolect, or separate language in it
of itself. Nonetheless, due to a long history and culture of anti-Black
racism in the United States, African American English has long been
criticized as an improper, incorrect, or negative form of English[43].
For many years, it was not recognized as a legitimate dialect, and it
took predominately white academic institutions studying AAE to
recognize it as a legitimate dialect with its own structure and gram-
mar rules [21, 43]. Furthermore African American English is often
categorized with the same racist stereotypes that are applied to
Black people as a whole, such as angriness, danger, and aggression.
Many of the bias issues surrounding AAE and natural language
processing systems derive from and directly support these notions
and stereotypes of anti-Black racism. For example, prior works on
sentiment analysis have found that use of African American names
can also cause a more negative sentiment compared to traditionally
European American names [22]. Further, one study found that AAE
in general fares more negatively in sentiment analysis, and is more
likely to be identified as angry or fearful sentiment than a Standard
English equivalent sentence [16]. Understanding this historical and
cultural context is crucial to understanding the issue of hate speech
misclassification of AAE. While in this work we search for specific
aspects of AAE that may contribute more or less strongly to this
bias issue, it is important to note that historically AAE as a whole,
as with most things heavily associated with Black people, has been
attributed to many negative notions and stereotypes.

One hypothesis of this work is that normalizing for swear words
in hate speech and toxic language detection can significantly reduce
bias towards AAE tweets. This is informed by an analysis of the
dialect itself and exploration of the Twitter AAE dataset. Most
commonly, misclassifications of AAE arise with swear words that
are more common in this dialect than other English dialects. In
particular, the n-word is widely understood as a reclaimed slur
and therefore derogatory when used by non-Black people, but non-
derogatory when used by Black people [34].

Furthermore AAE makes use of a grammatical construction
known as “Ass Camouflage Construction" or ACC [6], in which the
word “ass" is commonly used to dramatize and place emphasis in
sentences. Where this may be considered a more harsh swear word
within white American English contexts it is a relatively common
practice across regional variations of AAE. It is likely that with
AAE being underrepresented in social media data, the n-word is
categorized as derogatory regardless of who uses it. Similarly while
ACC grammar convention is common within Black communities,
within a white American English context it could be interpreted in
a much more derogatory sense. These instances as well as other
swear words and word choice conventions that are more common
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in AAE than SAE likely contribute largely to the misclassification
[6].

5 METHODS
5.1 Datasets
We rely on three publicly available datasets of Twitter data for this
project. We use two toxic language datasets DWMW17 [8] created
by Davidson et al. and FDCL18 by Founta et al.[13]. Both are twitter
hate speech datasets that categorize tweets by the various hate
speech terms discussed in section three. FDCL18 categorizes tweets
as “abusive" “hate speech" “normal" or “spam" while DWMW17
categorizes tweets by “offensive" “hate speech" or “normal." We use
these two datasets to train separate BERT language classification
models which we discuss further in the next section. We also used
Blodgett et al.’s AAE twitter dataset [3] as our AAE data.

For the publicly available versions of all three datasets, tweets
are stored by tweet ID. So, we used the Twitter API to collect the
tweet text. Many of the tweets in the original versions of each
dataset were deleted, and couldn’t be accessed using the Twitter
API. Consequently, for each of these we used a subsample of the
original dataset from the tweets that could be collected. We use
24783 tweets from DWMW17 to train one BERT based model, 50487
tweets from FDCL18 to train another BERT based model. For the
purposes of our analysis, we also further limited the dataset from
Blodgett et al. to tweets with a high likelihood of AAE dialect as
predicted by their model (.9 or above prediction). This left us with
50,000 tweets from the dataset for our analysis. We summarize the
details of each dataset in Table 1.

5.2 Models
To evaluate the relationship between AAE and hate speech, we
create BERT-based hate speech classification models and a BERT-
based dialect classification model. We do this by training and testing
BERT models on the DWMW17 and FDCL18 hate speech datasets.
BERT (Bidirectional Encoder Representations from Transformers) is
a deep learning model which uses a transformer to learn contextual
relationships between words in a text and is considered state of the
art for the majority of natural language applications [10]. For the
hate speech classification models we use the labels of “offensive
speech," “hate speech," and “normal" for the DWMW17 model, and
“abusive speech," “hate speech," “spam," and “normal" for the FDCL18
model following the definitions provided in Section 3. To calculate
correlation for a sample of tweets, we use the AAE classifier from
Blodgett et al. to get the estimated dialect of the tweet, then use the
DWMW17 and FDCL18 Hate speech models to classify the hate
speech category.

5.3 Word Choice Analysis
We answer RQ1 by testing for the relationship between hate speech
labels, AAE, and swear words. We do this by first training word2vec
[26] on Blodgett AAE Twitter dataset [3]. We also use the Linguistic
Inquiry and Word Count (LIWC2007) dictionary [29]. LIWC2007 is
a dictionary of words and word stems categorized by sub-categories
of text. We use the “Swear" category of LIWC2007, as well as a list
of swear words sourced from sample tweets, to create a dictionary
of swear words and replacement words with similar meaning. We

then use cosine similarity substitute swear words in the AAE tweet
samples with the words with similar meaning. This yielded roughly
6,000 tweets that were successfully reworded. We use the models
in Section 5.2 to classify the original and reworded tweets.

5.4 Grammar Analysis
To answer RQ2, our work proposes an AAE-like Grammar Dictio-
nary Similar in structure structure of the LIWC dictionary, our dic-
tionary focuses on 4 key categories of grammatical patterns in AAE.
We choose to focus on these categories as they are commonly used
across regional variations of AAE. Within each category, we create
a list of words and phrases common to each grammar category. We
limit this list to words and phrases that are uncommon, grammat-
ically incorrect, or nonexistent in Standard American English. It
is important to note that we refer to this dictionary as “AAE-like"
because it is not all encompassing of African American English
as a dialect. There are many grammar patterns within AAE that
are not represented in this dictionary. This is because as an initial
effort, we limit our dictionary to simple words and phrases, which
significantly limits our ability to capture more nuanced grammar
rules. Furthermore, AAE differs drastically by region and genera-
tion [20, 21]. Our dictionary focuses on grammar conventions that
are widely applicable to different regional variations of the dialect;
it also focuses on aspects of the dialect that are more common
among African American Generation X, Millennials, and Genera-
tion Z as they are more within the demographics of Twitter users.
Additionally, we note that AAE is traditionally a spoken dialect,
and the word choice and spellings may differ slightly in an online
context. We provide this dictionary in Table 2.

The four categories we focus on are auxiliary verbs, aspectual
markers, preverbal markers, and syntactic and morphorosyntactic
properties:

• Auxiliary verbs are words that form the tenses and voices
of other verbs, such as the words “be" “have" and “do" and
their various forms. AAE has unique uses of standard auxil-
iary verbs and some that are unique to the dialect [25]. An
example of an auxiliary verb that is unique to AAE is the
word “finna" which originated as a contraction of the words
“fixing to," and indicates that something will happen in the
immediate future [24]

• Aspectual markers are grammatical and lexical means of
expressing aspect in a sentence. The word “be" used in a
habitual sense, such as in the sentence “he be working out"
is an aspectual marker indicating something that happens
regularly in AAE [7]. The habitual form of the word “be" is
common in AAE. Preverbal markers are words that mark a
verb with tense, aspect, or modality, of the proceeding verb.

• Preverbal markers commonly vary from Standard English
within African influenced dialects of English such as Ja-
maican Creole and AAE [15]. A commonly known preverbal
marker in AAE is the word “ain’t," a contraction of “am not"
that has become common within some communities outside
of the African American English dialect.

• Syntactic and Morphosyntatic properties are properties of
AAE that influence word order and word co-occurrence in
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Number of Hate Number of Offensive
Dataset Total Number of Tweets Speech Samples /Abusive Samples

DWMW17 24783 1430 19190
FDCL18 50487 1887 4563
Blodgett et al. 50,000 n/a n/a

Table 1: Dataset Details

Figure 1: Methodology Pipeline Diagram: This is the pipeline followed for both the DWMW17 and the FDCL18 hate speech
datasets. First we split the dataset appropriately and train a BERT classifier on the data. Then we test the model and use the
best performing model. Next we use the classifier to classify tweets from the AAE dataset. Then we sample our dataset for
tweets containing swear words and use word replacement to create a censored version of the sample. We use the model to
classify both the censored and uncensored tweets. We also apply the AAE-like grammar dictionary to all sets of data to see
how classifications vary across grammar characteristics of AAE.

AAE-Like
Grammar
DictionaryTest

Hate Speech 
Dataset

Train
BERT

Trained
Model

AAE
Dataset

Sample

Swear
Word

Sample

Censored
Sample

Word 
Replacement

sentences [38]. An example of a syntactic property in AAE
is the use of multiple negatives within a negative sentence.

Table 3 details multiple aspects of these four categories of grammar
properties with examples. We use these properties to inform the

words and phrases that make up our AAE-Like Grammar Dictionary.
For each tweet in our sub-sample, we count how many dictionary
words/phrases for each category are in the tweet.
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Table 2: AAE-Like Grammar Dictionary

Auxiliary Aspectual Preverbal Syntactic

we was I be aint cant nobody
they was he be ain’t can’t nobody
finna they be steady he don’t
tryna she be stay she don’t
imma I been he done don’t never
i’mma he been she done he dont
bitches was she been they done she dont
niggas was they been yall done dont never
yall was it be y’all done yall don’t
y’all was niggas be you done y’all don’t
you was bitches be u done aint nothing
wanna yall be ain’t nothing
gonna y’all be aint nobody
ima you be ain’t nobody
ion u be yall dont
u was she done
iont he done

they done
yall done

Table 3: African American English Grammar Properties
with AAE and SAE examples

African American English Example Standard English Example Equivalent
Auxiliary Verbs
Single verb used for We was eating We were eating
singular and plural subjects
verbs contracted, reduced, or removed They walking too fast They are walking too fast
verbs used for if-clause We asked did he want to go with us We asked if he wanted to go with us
Semi- verbs- (-ing verbs contracted) I’m tryna sleep I’m trying to sleep
Aspectual Markers
Habitual “Be” I be at the office by 7:30. Usually I am at the office by 7:30
Remote Past “Been” I been knowing that. I have known that for a long time
Preverbal Markers
“Ain’t" (am not contracted) I ain’t interested I am not interested
“Stay" or “steady" to mark consistency They stay doing they own thing They always do their own thing
Syntactic and Morphosyntactic Properties
Multiple negators in a single negative sentece He dont want no teacher yelling at him He doesnt want a teacher yelling at him
Existential “‘It" to indicate existance It’s some coffee in the kitchen There’s some coffee in the kitchen
Unmarked posessive Somebody car was parked out there Somebody’s car was parked out there

We use this dictionary by using string comparison to find any
tweets in our sample that contain at least one word or phrase from
each category of the grammar dictionary. We consider a tweet to
contain elements of a grammar category if the tweet has at least
1 match to a element for that grammar category in our AAE-Like
Grammar Dictionary. We do this on the full dataset, as well as
the sample of swear word tweets and the censored version of the
sample. We map out our overall pipeline of our methodology used
for each hate speech dataset in Figure 1.

6 RESULTS
As a baseline, we present the classification results for each BERT
classifier on the overall data which we present in Table 4 . We find
that for the AAE dataset, 28.462% of samples were classified as
offensive by the DWMW17 model, and 0.888% were classified as
hate speech. Furthermore for the FDCL18 model, 19.886% of tweets
were classified as abusive and 5.422% as hate speech. These results
suggest consistency with prior work [35]. In the following sections
we further discuss our results and answer our research questions.

Table 4: Percentage of Tweets Classified as EachHate Speech
Label for Overall Dataset

DWMW17- FDCL18- DWMW17- FDCL18-
Hate Hate Offensive Abusive

Full Data 0.888 5.422 28.462 19.886

6.1 Impact of Swear Words or Offensive
Language on AAE Hate Speech
Classification

To answer our RQ1, we use these models to classify the subsample
of swear word tweets and the censored version of the sample. On
the subsample, the original tweets were classified by the DWMW17
96.18% were offensive and 2.46% as hate. For FDCL18, 67.77% of
tweets were classified as abusive and 27.89% were classified as hate.
We find that by removing swear words (and substituting it with
a semantically similar non-swear words) from the subsample of
AAE tweets, the DWMW17 model classifies 64.07% as offensive and
1.93% of tweets as hate. The FDCL18 model gives 51.04% classified
as abusive speech and 5.496% hate speech. We summarize these
results in Table 5. In a small sample of 50 tweets, through manual
inspection we observed a 78% success rate in removing all swear
words and having identical meaning to the original tweet. These
results are shown in Table 5. However we see a much less significant
reduction in the hate, offensive, and abusive classifications in the
edited text.

In some rare instances rewording tweets did not result in a less
harsh classification. For the DWMW17 based model, 57 tweets
changed from ’normal’ to ’offensive’ with rewording, 1 from ’nor-
mal’ to ’hate’ speech, and 108 from ’offensive’ to ’hate.’ For the
FDCL18 based model 133 from ’normal’ to ’abusive’, 12 from ’nor-
mal’ to ’hate’, and 217 samples from ’abusive’ to ’hate’. For a very
small number of samples we notice this phenomenonwith both clas-
sifiers at the same time. There were 2 samples where both FDCL18
went from ’abusive’ to ’hate’ and DWMW17 went from ’normal’
to ’offensive’ and 5 samples where FDCL18 went from abusive to
hate and DWMW17 went from ’offensive’ to ’hate’. However for
the majority of tweets, we see this rewording create a less harsh
classification, such as ’hate’ to ’abusive’ or ’offensive.’ Table 7 shows
examples of original and reworded tweets and their classifications
by both models.

The overall findings for answer RQ1 are shown in Table 5. Our
findings suggest that censoring tweets for swear words has a signif-
icant impact on reducing hate speech, offensive speech, and abusive
speech classifications. In Table 5 we see that within the sample, re-
moving swear words from the original tweet we significantly reduce
the classifications for hate for the FDCL18 classifier from 27.89%
to 5.40%, and that we see a moderate reduction in the DWMW17
offensive and FDCL18 abusive categories, from 96.18 to 64.07% and
67.77 to 51.04% respectively. We see only a slight reduction in the
DWMW17 hate classification, from 2.46 to 1.93%. Censoring the
tweets gives results more similar to the overall dataset but does not
yield a lower percentage for any classification category.
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Table 5: Percentage of Tweets Classified as Each Hate Speech Label for SwearWord Sample, Edited Sample, and the Difference

DWMW17- FDCL18- DWMW17- FDCL18-
Hate Hate Offensive Abusive

Original Sample 2.46 27.89 96.18 67.77
Edited Sample 1.93 5.496 64.07 51.04
Difference -0.53 -22.394 -32.11 -16.73

6.2 Grammatical Patterns of AAE and Hate
Speech Classification

To answer RQ2, we use our AAE-Like Grammar Dictionary to
categorize tweets from the full dataset, sample, and censored sample
into the four grammar categories.

For the full dataset of 50,000 tweet samples, we identified 4169
tweets containing Auxiliary Verbs, 1211 with Aspectual Markers
1893 tweets containing Preverbal markers and 138 with Syntactic
andMorphosyntactic properties. Across the swear word sample and
the censored sample the grammar categories were not impacted,
so the grammar categories are the same across the original and
reworded sample. For both versions of the sample, we identified 640
samples with Auxiliary Verbs, 239 samples with Aspectual Markers,
403 samples with Preverbal Markers and 33 samples with Syntactic
and Morphosyntactic Properties. We include our results for Syn-
tactic and Morphosyntactic Properties in this instance, but note
that with so few samples further work is needed for a meaningful
analysis of this category. We provide these results compared to the
overall data in Table 6 for the percentages of tweets classified as
hate, abusive, and offensive speech.

We find similar patterns for each of the classifiers across all
four of the grammar categories we explore. Tweets within the four
grammar categories from each source show results consistent with
the source for each the full data, the sample, and the censored ver-
sion of the sample. Comparing the results for the original sample
versus censored sample across all grammar categories, we see the
most significant reductions in the DWMW17 classification of ’of-
fensive’ with Syntactic and Morphosyntactic Properties, and the
most significant reduction in the FDCL18 classification of ’abusive’
for Auxiliary Verbs. In all cases, the number of tweets classified by
DWMW17 as ’hate’ is below 20, with such low number of samples
we are unable to make meaningful conclusions about the relation-
ship between these grammar categories and this classification. For
the FDCL18 classification of ’hate’ we see similar results for all
categories except Syntactic and Morphosyntactic Properties which
sees a smaller reduction in ’hate’ classifications, again this cate-
gory is the smallest so we consider these results interesting but
inconclusive. We can conclude from these results that hate speech
classification is not dependent on the four grammar categories
we explored individually. Instead it is possible that a more com-
plex combination of these or other grammar categories that we
did not explore may have a strong association with hate speech
classification, or that grammar patterns do not significantly impact
classification.

7 DISCUSSION
The bias issues of AAE and hate speech classification support anti-
Black racism. The existence of these biases should be unsurprising
for technologies that emerge in a culture in which anti-Black racism
is heavily embedded. Under anti-Black racism, Blackness as a whole
is attributed to many negative attributes and as such, AAE is as
well. In this study, we are unable to identify a singular aspect of the
AAE dialect that cause these issues of misclassification, but note
that reducing swear words significantly impacts the classification.
We observe that the four grammar categories we explored have
minimal impact on the classification. There are likely no specific
attributes of AAE that when controlled can completely mitigate
these biases due to how sentiment against Black English as a whole
is embedded in our culture and appear in our algorithms via training
data that embodies racism.

Preventing unnecessarily harsh classifications of AAE text is
only one aspect of the importance of reducing these biases. An-
other is that true examples of AAE hate speech and toxic speech
could be obscured by false positives. In-group harassment towards
specific subsets of the Black community such as Black women,
Black disabled people, Black LGBT people, etc. is a hate speech
issue as well [14]. These groups, or individuals apart of them, can
face harassment from within and outside of the Black community.
The biases towards AAE in hate speech classification systems can
obscure the true instances of AAE hate speech that likely impact
individuals or groups within the Black community with additional
marginalized identities.

Prior works suggest training annotators on understanding AAE
[35], or debiasing training data [44] as strategies to mitigate bias.
As we discuss in our limitations, a dataset of AAE text with ground-
truth labels for dialect and hate speech classification would be a
valuable contribution to expanding bias mitigation of AAE in hate
speech classification.

8 LIMITATIONS AND FUTUREWORK
One major limitation of this work is that while the Blodgett et al.
(2016) dataset is the best available source of tweets labeled as AAE,
it does not provide ground-truth labels for racial background, nor
does it provide ground-truth labels for hate speech. The missing
ground truth of racial background is heavily complicated by the
issue of cultural appropriation. Cultural appropriation of AAE in
an online context has become a growing issue of concern in the
Black community, particularly on social media. It is possible that
non-Black individuals appropriating this dialect may be present
in this dataset.This appropriative use of AAE is often an incorrect
representation of the dialect, both culturally and grammatically.
This phenomenon may contribute to misrepresentations of AAE
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Table 6: Percentage of Tweets Classified as each Hate Speech Label by Grammar Category

DWMW17- FDCL18- DWMW17 FDCL18
Hate Hate Offensive Abusive

All Data
Original Text (full data) 0.888 5.422 28.462 19.886
Original Text (sample) 2.46 27.89 96.18 67.77
Edited Text (sample, censored) 1.93 5.496 64.07 51.04
Auxiliary Verbs Only
Original Text (full data) 0.96 5.56 28.30 20.74
Original Text (sample) 2.50 27.19 96.25 69.21
Edited Text (sample, censored) 2.03 5.47 66.72 49.69
Aspectual Markers Only
Original Text (full data) 0.66 5.28 27.91 21.47
Original Text (sample) 1.67 29.29 97.07 67.78
Edited Text (sample, censored) 2.51 6.28 63.18 50.21
Preverbal Markers Only
Original Text (full data) 0.63 5.49 28.68 21.71
Original Text (sample) 3.47 27.30 96.28 68.24
Edited Text (sample, censored) 2.98 5.46 65.76 46.40
Syntactic and Morphosyntactic
Properties Only
Original Text (full data) 2.17 2.17 25.36 20.29
Original Text (sample) 3.03 33.34 96.97 60.61
Edited Text (sample, censored) 6.06 15.15 54.55 42.42

Table 7: Swear Word and Censored Tweet Samples with Classification

Text DWMW17 FDCL18
Ya friend telling all ya business to ya nigga and #UONEENKNOWIT hate abusive
Ya friend telling all ya business to ya man and #UONEENKNOWIT offensive normal
@[name removed] check!!@ already know!! These bitches don’t mean us NO good offensive hate
@[name removed] check!!@ already know!! These people don’t mean us NO good normal normal
Oomf is straight out here dawg lol I just met a complete stranger that knew about her ass offensive normal
Oomf is straight out here dawg lol I just met a complete stranger that knew about her butt normal normal
Brittany dry ass offensive abusive
Brittany dry butt offensive abusive
@[name removed] ain’t none wrong with yo ass you just wanna go off on me hate abusive
@[name removed] ain’t none wrong with yo butt you just wanna go off on me normal abusive
Too many bitches got relationship or nigga problems! #GetYallShitTogetha offensive abusive
Too many people got relationship or man problems! #GetYallShitTogetha hate normal
@[name removed] Nah you my nigga bruh hate abusive
@[name removed] Nah you my man bruh offensive abusive
Why don’t kane beat the hell out of cm punk he need it @[name removed] offensive hate
Why don’t kane beat the h*** out of cm punk he need it @[name removed] normal normal

in this dataset and in turn in our analysis. The ground truth of
hate speech labels is less concerning; considering that this dataset
is sampled from Twitter which is a moderated platform with few
true instances of hate speech, and that our data collection used
tweet id’s to collect only the tweets that were still present on the
platform at the time of analysis, the vast majority of posts are very
unlikely true hate speech. A current gap in the study of AAE and
hate speech classification is a dataset of text sampled from Black

individuals who use AAE and ground-truth hate speech labels. A
valuable future work would be the creation of such a dataset.

Similarly, another limitation of this work was in utilizing the
LIWC2007 dictionary and supplementing it with our own words.
The LIWC2007 dictionary was created with English text samples
sourced from a variety of studies from the United States, England,
Canada, New Zealand, and Australia [28]. However, this system
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does not provide a good representation of African American Eng-
lish. As discussed in Section 4, there are many swear words that
are common in AAE that are less common in Standard American
English and similarly less common in the other Standard English
variations used to build this tool. Likewise, the swear words in the
LIWC2007 “Swear" category included many words that are not com-
monly found in the AAE dialect, and missing many words that are.
To successfully sample enough tweets with swear words, we needed
to heavily supplement the list of words in the LIWC2007 “Swear"
category, primarily using words that were found in the AAE data.
While we were able to identify many more tweets with this supple-
mentation, the list we used is not all encompassing of swear words
used in AAE. Creation of a language tool similar to LIWC2007 using
samples of AAE text would be valuable to future work exploring
biases in natural language systems that affect Black people, and in
creating inclusive natural language systems. Furthermore, to ex-
pand the reach of such a tool, dialects of African-descended people
in each of the countries used in the original LIWC system would
add relevance for other countries outside of the United States.

Another limitation of this study is the black-box nature of Twit-
ter’s hate speech identification process. Despite the success of many
different architectures and techniques of hate speech classification
proposed in the NLP literature, in practice, Twitter and other social
media websites do not necessarily use these systems. Twitter and
other platforms do not disclose their exact approach to identifying
hate speech, or their evaluation process. It is known that Twitter
uses content moderators and allows users to report content that
violates policy where it will be reviewed. Whether or not tweets
are reviewed by an automated process, human moderators, or a
mix of both is unknown. Replicating this study using a BERT model
trained on Twitter’s real classifications of tweets rather than on the
DWMW17 and FDCL18 would be most relevant to understanding
the real world implications of this study. But this is impossible
without internal access to this information from Twitter.

Finally, another area for future work is an expansion on the
grammar analysis we performed. Future work should include gram-
mar analysis that directly compares the grammatical variations we
studied with the equivalent Standard American English grammar.
This would give a stronger understanding of how these grammar
patterns impact the classifications.

9 CONCLUSION
Our study explores the impact of more granular aspects of AAE text
such as word choice and grammar patterns on the hate speech text
classification. We explore word choice by taking a sample of the
AAE data that uses swear words and creating an identical sample
with swear words replaced with a non-offensive word with similar
meaning. We find that reducing the swear words does significantly
reduce classifications of “hate" “abusive" and “offensive" speech.
The censored version of the sample received similar classifications
for these three categories and the overall dataset.

We explore grammar categories by creating the AAE-Like Gram-
mar Dictionary which we hope will be a valuable tool for future
researchers interested in exploring AAE. We use this dictionary to
the full data, the swear word sample, and the censored sample to
extract the tweets with evidence of these grammar categories from

each. We consistently see similar patterns in classification within
each grammar category to the overall data. This suggests that the
four grammar categories we explored have little relationship to
the hate speech classification label. However due to low samples
especially within the Syntactic and Morphosyntactic Properties
grammar category, more research could be done to explore this fur-
ther. Overall this research contributes to our understanding of why
AAE is sometimes unfairly censored online, and suggests avenues
for mitigating this bias in the future.
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