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Abstract

Large Language Models (LLMs) offer a lucra-
tive promise for scalable content moderation,
including hate speech detection. However, they
are also known to be brittle and biased against
marginalised communities and dialects. This
requires their applications to high-stakes tasks
like hate speech detection to be critically scru-
tinized. In this work, we investigate the robust-
ness of hate speech classification using LLMs
particularly when explicit and implicit markers
of the speaker’s ethnicity are injected into the
input. For explicit markers, we inject a phrase
that mentions the speaker’s linguistic identity.
For the implicit markers, we inject dialectal
features. By analysing how frequently model
outputs flip in the presence of these markers,
we reveal varying degrees of brittleness across
3 LLMs and 1 LM and 5 linguistic identities.
We find that the presence of implicit dialect
markers in inputs causes model outputs to flip
more than the presence of explicit markers. Fur-
ther, the percentage of flips varies across eth-
nicities. Finally, we find that larger models are
more robust. Our findings indicate the need
for exercising caution in deploying LLMs for
high-stakes tasks like hate speech detection.

Warning:This paper contains examples of hate
speech that can be offensive or upsetting

1 Introduction

Language technologies are increasingly being used
in content moderation tasks, including hate speech
detection, because of their ability to handle large
volumes of data (Kumarage et al., 2024; Albladi
et al., 2025). However, the use of LLMs in a high-
stakes task like hate speech detection requires cau-
tion, because LLMs are known to be brittle, biased
and non-deterministic, especially when additional
information that is not relevant to the task itself is
present (Ribeiro et al., 2020). There is extensive
documentation of biases against marginalized com-
munities and dialects that leads to disparate treat-
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Figure 1: We investigate whether adding the identity
of the speaker, whether Singaporean or Jamaican, can
affect the model’s hate speech classification on the same
sentence. Our findings indicate that model outputs do
flip because of the presence of such markers, and the
percentage of flips depends on the marker, model size,
and the ethnicity injected.

ment and representational harms in downstream
tasks, including hate speech detection (Sap et al.,
2019; Ferrara, 2023; Field et al., 2021, 2023; Field
and Tsvetkov, 2020; Kiehne et al., 2024; Lin et al.,
2025; Oliva et al., 2020; Zhang et al., 2024; Raina
et al., 2024; Yoder et al., 2022).

As LLMs are adopted globally, they need to be
inclusive of people of all nationalities. However,
prior work has shown a preference in these models
toward American English (Lee, 2024; Ng and Chan,
2024), while despite it being a global language, dif-
ferent dialects of English are used in different geo-
graphical locations (Upton and Widdowson, 2013).
Previous studies (Lee et al., 2024; Masud et al.,
2024; Davani et al., 2024) have investigated the ef-
fect of assigning a culture to the model, but haven’t
been able to capture the impact of this identity of
the user.
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In this work, we analyse the robustness of lan-
guage models (3 LLMs and 1 LM) in hate speech
detection of English sentences spoken by people
of varying linguistic identities, as highlighted in
Figure 1 illustrates our setup with an example. Our
contributions can be summarized as follows.

1. We conduct a novel study on the impact of
speaker identity to detect hate speech in LLMs.

2. We present a systematic way to inform the
model of the speaker’s identity using both ex-
plicit and implicit markers.

3. Comprehensive experiments on 4 LMs and 2
datasets highlight their brittleness in different
settings in the presence of speaker identity.

2 Experimental Setup

Data. In this work, we use 2 datasets:
MPBHSD (Cooke et al., 2023) and HateX-
plain (Mathew et al., 2021). The MPBHSD dataset
is derived from Twitter, 4Chan, and Reddit, and
comprises 600 Hateful (H) and 2400 Non-Hateful
(NH) sentences. The HateXplain dataset is derived
from Twitter and Gab, and we sample 3000 sen-
tences, comprising 2094 Hateful (H) and 906 Non-
Hateful (NH) sentences.
LLMs. We do our evaluation on three LLMs:
LLama-3-8B, Llama-3-70B (AI@Meta, 2024),
GPT-4o (OpenAI et al., 2024), and 1 fine-tuned
BERT-based model trained on HateXplain dataset
(Mathew et al., 2021). For MPHSD dataset, we
leverage the pre-annotated GPT-4-turbo instead of
prompting GPT-4o. We also consider two types of
prompting strategies: zero-shot classification and
in-context learning (ICL) as both their uses have
been studied before (Plaza-del Arco et al., 2023;
Srivastava, 2025). We keep the temperature 0 for
all models to ensure deterministic outputs. For
zero-shot, we use a classification prompt designed
in (Kumarage et al., 2024).

"You are an agent who is tasked with
identifying hate content. \n\n You have
to classify the entire input as hateful
or non-hateful only. \n\n Only classify
as ’hateful’ or ’non-hateful’ and do not
use the phrase ’I cannot’. "

For ICL, we randomly sample 4 prompts (Srivas-
tava, 2025) for Hate and Non-Hate examples to be
appended to the system prompt above.

Table 1: Hate speech classification accuracy

Model Category Accuracy Precision Recall F1

HateXplain

HateXplain-BERT Fine-tuned 0.83 0.83 0.83 0.83

LLama-3-8B
Zero-Shot 0.71 0.71 0.71 0.71

ICL 0.69 0.76 0.69 0.69

LLama-3-70B
Zero-Shot 0.74 0.76 0.74 0.74

ICL 0.78 0.78 0.78 0.78

GPT-4o
Zero-Shot 0.78 0.78 0.78 0.78

ICL 0.80 0.80 0.79 0.80

MPBHSD

HateXplain-BERT Fine-tuned 0.90 0.91 0.80 0.84

LLama-3-8B
Zero-shot 0.95 0.95 0.91 0.93

ICL 0.75 0.76 0.82 0.74

LLama-3-70B
Zero-shot 0.96 0.97 0.93 0.95

ICL 0.97 0.96 0.95 0.95

GPT-4o
Zero-shot 0.99 0.98 0.98 0.98

ICL 0.96 0.97 0.92 0.94

3 How well do LLMs classify hate speech
in the absence of speaker identity?

First, we verify whether LLMs can accurately
classify the unmarked inputs. Table 1 shows the
accuracy of the models by comparing their re-
sponses against the human-annotated responses
when tasked with classifying the original unmarked
statement. These reasonably high scores indi-
cate the model’s ability to accurately classify hate
speech, with upto 90% accuracy in MPHSD and
80% in HateXplain.

4 Do the models flip when inputs are
marked with speaker identity?

Linguistic identity. We consider the follow-
ing 5 nationalities as our linguistic identity: In-
dian, Singaporean, British, Jamaican, and African-
American. These nationalities are chosen for the
distinct English by these nations. We also choose
the African-American dialect to represent its dis-
tinctness from the Standard American English (Har-
ris et al., 2022). While these nationalities represent
geographic diversities, they also serve as an um-
brella dialect to micro-dialects and communities
present within the region.

Adding Explicit Marker. We inject an explicit
marker by mentioning the linguistic identity in the
prompt itself. For example: The [ethnicity]
person said,"[input]".

Adding Implicit Marker. To implicitly indi-
cate the model of the speaker’s identity, we inject
dialectal features of the speaker’s cultural and lo-
cal language into the English sentence. Dialectal
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Table 2: Aggregate percentage of flips for different dialects on the MPBHSD and HateXplain dataset

Dataset Model Name
African-American British Indian Jamaican Singaporean

Explicit Implicit Explicit Implicit Explicit Implicit Explicit Implicit Explicit Implicit

MPBHSD

HateXplain-BERT (Fine-tuned) 22.7 23.16 23.2 31.2 23.20 17.46 23.20 22.10 23.20 17.7
Llama-3-8B (Zero shot) 24.03 14.43 12.73 12.60 22.91 14.06 18.50 12.10 12.43 15.33
Llama-3-8B (ICL) 40.93 40.13 41.66 41.80 41.03 43.20 41.53 39.83 41.46 42.63
Llama-3-70B (Zero shot) 3.66 10.06 3.23 12.56 3.26 11.96 3.46 8.86 3.00 12.03
Llama-3-70B (ICL) 42.63 32.70 34.10 32.10 34.26 34.20 33.73 33.13 33.76 34.46
GPT-4o (Zero shot) 2.33 8.53 1.83 10.47 2.23 10.733 1.90 7.73 1.83 10.53
GPT-4o (ICL) 32.66 28.86 33.06 27.26 33.16 29.13 32.46 29.56 33.26 27.97

HateXplain

HateXplain-BERT (Fine-tuned) 9.00 43.40 7.933 34.3 7.93 40.13 7.93 40.96 7.933 31.2
Llama-3-8B (Zero shot) 15.26 18.70 15.13 21.966 16.033 20.40 14.63 21.33 12.10 15.96
Llama-3-8B (ICL) 11.56 8.80 9.466 12.63 12.466 11.833 14.16 10.20 7.70 12.33
Llama-3-70B (Zero shot) 14.03 23.06 10.13 28.16 12.43 19.20 11.10 22.66 12.93 21.76
Llama-3-70B (ICL) 14.66 30.20 9.03 33.70 10.20 25.73 10.06 27.400 13.23 24.233
GPT-4o (Zero shot) 8.066 26.96 8.50 25.5 8.133 17.46 8.33 22.2 20.2 7.40
GPT-4o (ICL) 10.43 30.30 7.76 29.83 8.933 22.33 7.60 27.33 10.43 25.93
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Figure 2: Percentage of flips in the prediction of different models when the original prediction is non-hateful
(NH) or hateful (H) and the sentences are injected with different racial markers of the speaker either explicitly or
implicitly. Flips from non-hateful to hateful (NH->H) correspond to the False Positive Rate (FPR) and from hateful
to non-hateful (H->NH) correspond to False Negative Rate (FNR)

variations such as code-mixed, colloquial language,
and cultural references become indicators of iden-
tity (Haugen, 1966). We generate this modified
English-dialected data using a few-shot Llama-3-
70B model. In particular, we construct a few shot
prompts as shown in Figure 4 (Appendix A) and
set the temperature to 0. The system prompt of
this few-shot prompt is reflective of the zero-shot
prompt in Peng et al. (2023) and has verbatim
instructions to avoid content filtering constraints,
which the model initially depicted. These instruc-
tions help in avoiding the safety guardrails and gen-
erate the required content. Since GPT-4o refused
some of the hateful examples, we use LLama-3-
70B to generate the dialect as we observed 0 re-
fusals. Finally, we also conduct a human verifica-

tion to ensure that the implicitly marked dataset is
consistent and valid. Here, we sample 50 posts per
dialect and conduct a blind review of their quality
by rating them on a scale of 1-5 based on the fol-
lowing factors, based on prior literature (Srivastava
and Singh, 2021; Kodali et al., 2025):

1. Dialectal Accuracy: Words added to the sen-
tence are accurate to the dialect of the given
linguistic identity

2. Context preservation: The original semantic
meaning and dialect is preserved

3. Fluency and Syntax: The text generated is fluent
in nature and syntactically correct

4. Use of the Latin script: The sentence generated
is in the Latin (English) script. Code-mixed
words are written in English script.
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Figure 3: Percentage of Flips across each race against each Target group for implicitly marked models.

The raters report a perfect fluency score and all
texts appear in Roman script, while the dialectal ac-
curacy is also found to be high, with an average of
4/5 and a low variance of 1. We also conduct a test
where we ask another LLM agent as an evaluator
to evaluate whether it can understand the dialect
produced. As shown in Appendix B.1, the accu-
racy of predicting the linguistic identity is high,
showing that the dialects are accurate. We also con-
duct additional ablations, as shown in Appendix
B.2, by asking the model to generate paraphrased,
constrained, or voice-changed versions and see that
such modifications cause minimal effect to the flips.
Hence, we can establish the efficacy of our system
in generating responses.

Having established that all the models achieve
high accuracy with respect to the ground truth (Ta-
ble 1), we test the brittleness of these models when
explicit and implicit markers of speaker identities
are injected. We report the aggregate percentage of
model prediction flips from the original prediction
on injecting markers in Table 2. Figure 2 shows the
flips from non-hateful to hateful (FPR) and hateful
to non-hateful (FNR), with percentages computed
within each original label category (hateful or non-
hateful).

4.1 What factors cause outputs to flip?

Model Size and Recency As seen in Table 2 we
find that on average larger and newer models, such
as Llama-3-70B and GPT-4o, are more robust and
show a smaller percentage of flips, than the smaller
Llama-3-8B. For aggregate percentage flips we con-

duct a two-way repeated measure ANOVA (Girden,
1992) and report the p = (0.802) > 0.05, how-
ever on running chi-square test (Pearson, 1900) on
startified hate and non-hate data, across all models
we get p < 0.05, showing that models are more
impactful on partitioned flips.

Prompting Technique We see that generally the
flip percentages observed in In Context Learning
are relatively lower compared to Zero-shot learn-
ing, across models. This is indicative that provid-
ing examples leads to stable and more consistent
model outputs across dialects. This effect is more
pronounced in larger models like GPT-4o.

Type of marker We find that models are fairly
robust to explicit markers, but are brittle when
implicit dialectal markers of the speaker’s iden-
tity are injected. The fine-tuned model which oth-
erwise shows comparable performance performs
worse with implicit data. One exception is Llama-3-
8B, which we believe indicates the brittleness and
learned biases of the smaller model towards explicit
markers. To validate this claim we perform a t-test
(Student, 1908) where all models except Llama-3-
8B ICL (with p = 0.278 and t−statistic= 1.25)
have a p < 0.05 and t−statistic>> 0, showing
a significant difference in the number of flips be-
tween the explicit and implicit marked speech.

Speaker Identity As seen in Figure 2 we ob-
serve that even in larger, more robust models, the
percentage of flips for different nationalities differs
by multiple points. A consistent p−value< 0.05 on
the McNemar’s Test (McNemar, 1947) across all
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models shows that the speaker’s identity injected
plays a significant role in determining the classifica-
tion. In larger models, we see that statements with
the British and African-American dialectal data see
a higher flip percentage from hateful statements to
non-hateful statements.

Ground truth label of unmarked input Fig-
ure 2 and Appendix C.2 show that overall, an
originally non-hateful (NH) prediction is likely
to remain non-hateful across different models and
speaker identities, with the exception of Llama-3-
8B, which significantly diverges from this pattern.
On the other hand, hateful (H) predictions become
significantly non-hateful (NH) across most mod-
els. This indicates that models tend to increase the
number of false negatives, which allows harmful
content to go undetected.

Target of the Hate Speech In addition, we eval-
uate those demographic groups towards whom the
hate speech is targeted. We use the target classes
(or groups) provided in the HateXplain dataset and
see if certain linguistic identities flip particular de-
mographic groups more than others. We analyse
HateXplain-BERT Implicit (maximium flip per-
centage) and GPT-4o ICL Implicit (best perform-
ing) model in Figure 3. We see that the HateXplain
model flips certain dialects more for topics that tar-
get Religious groups, while the GPT 4o flips topics
across all dialects on targets regarding Sexual Ori-
entations. We have provided the results for other
models for this analysis in C.1

Llama-3-8B As seen in Table 2, Llama-3-8B
shows an unusually high percentage of flips, with
its ICL variant flipping approximately 40% of re-
sponses across dialects in the MPBHSD dataset and
13-20% in the HateXplain dataset. This suggests
that, while ICL reduces variability compared to
zero-shot (implicit) prompting, the model remains
unstable in its classifications. Qualitative analysis
indicates that Llama-3-8B often fails to detect both
explicit and implicit cues of sarcasm and tends to
overreact to negative framing even when the input
is non-hateful. Additionally, we observe that mis-
classifications are more frequent for shorter inputs
(11 words/sample), suggesting that the model may
rely too heavily on superficial lexical cues rather
than deeper contextual understanding.

5 Conclusion

In this work, we evaluate the robustness (or lack
of thereof) of LLMs in hate speech classification.
Specifically, we injected explicit and implicit di-
alectal markers of speaker’s ethnicity in the input.
We evaluated 4 LMs by measuring the percentage
of flips of the model outputs from the unmarked
prompt. We find that the % of flips is governed by
nature of the model, speaker’s identity, the type of
marker injected and the target of the speech. This
depicts the unreliability of LLMs in real-world ap-
plications and presses the need for more caution
while deploying these systems.
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Limitations

The proposed study for assessing the brittleness of
LLMs through implicit and explicit markers has
the following limitations:

• Limited Dialect Data: There is a lack of human-
annotated data in different dialects and code-
mixed English language text for hate speech-
related content. We sampled and verified the
data but acknowledge that this may hold some
unknown author biases and may not cover all
the dialects of the considered region. Addition-
ally, the synthetically generated dialect data adds
additional phrases to the original context mak-
ing it difficult to determine their exact impact on
model predictions. Future work should focus on
further interpretable studies assessing the precise
impact of these additional phrases on the model’s
prediction patterns.

• Limited Models: Due to limited computational
resources, we were not able to extend our study
to models advertised to be ‘safer’ like Claude.
Preliminary experiments with Llama Guard, but
the model returned refusals hindering our ability
to analyse it.

• Limited Hate-speech Datasets: We limit our
work to dialect mixed English Language datasets.
We recognise that findings from multilingual
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datasets and other hate speech datasets could
yield diverse results.

Broad Implication and Social Impact

This paper investigates the robustness of LLMs in
hate classification tasks. In light of this, this paper
uses an LLM, Llama-3-70B to generate hateful
content in a given English dialect. In doing so, we
might uncover unintentional biases (Ferrara, 2023).
In no way do the authors of this paper subscribe to
the hateful content used in the paper or the content
generated by the model.
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Appendix

A Dialect Generation Prompt and Model
details

Figure 4: Prompt for Dialect Generation

A.1 Examples of the generated Data

Explicit Identity refers to the condition when the
linguistic identity is provided along with the state-
ment. Here the model is informed of the linguistic
identity by the explicit mention.For example:

An Indian said, "Don’t you dare tell me
what to do"

With implicit identity on the other hand, we
provide more subtle markers and clues that point
to the linguistic identity. Examples of linguistic
identities in the dialected dataset are:

1. Colloquial words specific to an identity (e.g.,
"mah" for Singaporean, "mate" for British,
"gwan" for Jamaican).

2. Cultural themes, where certain phrases re-
flect cultural nuances (e.g., "playing ethnic
music" → "playing a lot of bhangra music"
for Indian culture).

3. Code-mixed language, where words from
other languages are incorporated (e.g., "good
job son" → "good job beta" in Hinglish).

4. Region-specific spellings, like "sista" for
African American or "colour" for British En-
glish.

An example of the data generated is in Table 3.

B Ablation Studies

To motivate the claim that the flips in the implicit
hate speech classification as shown in Table 2 are
due to the presence of the implicit identity of the
speaker, we conduct the following ablation studies.

We first determine if the model is able to identify
the linguistic identity by looking at the text. Next,
we conduct additional experiments to show how
synthetically modifying the input does not affect
the flip percentage as much as the dialect addition
does.

B.1 Accuracy of Detecting the Linguistic
Identity from the Dialect

To ascertain whether models are successfully able
to identify the linguistic identity from the dialected
input text we use a GPT-4o based evaluator, and
ask the model to predict the linguistic identity of
the speaker from this text (Prompt: B.1). A higher
percentage would mean that the model can identify
the race from the dialected data, hence showcasing
a higher correlation between the model’s flippant
nature and the linguistic identity of the speaker.

"Given the following sentence, identify the lin-
guistic identity of the speaker. Do not give expla-
nations or provide the input. \n \n Your options
of the linguistic identity are: \n\n (A) African-
American \n\n (B) British \n\n (C) Indian \n\n (D)
Singaporean \n\n (E) JAMAICAN \n\n \n\n The
output should be in the format: \n\n

Output: <linguistic identity>"

As seen in Table 4, the models show a high accu-
racy of identification of the dialect, which provides
understanding for their high flip percentage.

B.2 Synthetically Modifying Input Data
Without Injecting Implicit Linguistic
Identity

In this section, we test whether synthetically mod-
ifying the input data, i.e. paraphrasing the input,
changing the voice (from active-passive) or con-
straining the length to 100 characters creates the
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Original Race Generated

I wanna shoot these kid
like a good American
[Hateful]

British

Blimey, mate, I’m proper gutted about these young
whippersnappers, innit? I reckon a good ol’
fashioned British bashing would sort ’em out, yeah?
[Non-Hateful]

Indian
Arey, yaar, I toh want to shoot these kids just like a
full real Amreeki [Hateful]

Jamaican
Wah gwaan, me a-go shoot dem little ones like a
good yute from di States, ya hear? [Hateful]

I would put it back in
after the procedure
[Non-Hateful]

African American

Ah’ma put it back in, fo sho, after dat procedure, ya
hear me? Ah ain’t got time fo’ no mess, gotta get dat
thing fixed up right, ya di [Hateful]

Singaporean

Ah, lah, I would put it back in after the procedure,
no worries, got it? Like, I would make sure it’s all
fixed and whatnot, then I would put it back in, you
know? [Non-Hateful]

Table 3: Examples of how a given text can be transformed by assigning an identity to it as a form of different
dialects. We see that the dialect-generated text has different hate classifications for different races, for the same
sentence. For these set of examples, the dialect generation and classification is both done by Llama-3-8B.

Linguistic Identity Accuracy of Prediction

African-American 96.3%
British 99.8%
Indian 100%

Singaporean 99.8%
Jamaican 100%

Table 4: Accuracy of Predicting Linguistic Identity in
the absence of the Hate Classification Task

same flip percentages as we see while adding di-
alects. We use the same model (Llama-3-70B) with
the same settings, and use a subset of 100 samples
from the dataset, which is used to generate the di-
alected data to make a fair comparison.

B.2.1 Paraphrasing
In this case, we ask the model to paraphrase the
text using the prompt as shown below.

You will be given an input: \n\n

INPUT: \n\n

Stylistic Change Hateful -> Non-Hateful Non-Hateful -> Hateful

Paraphrasing 0.17 0.0
Active-Passive Voice Change 0.08 0.02

Character Count to 100 0.16 0.01

Table 5: Flips caused by implementing the following
stylistic changes without injecting the implicit identity

You must paraphrase the given text. Do not mod-
ify the context or the nuances of the text. \n\n

You cannot use the statement: ’I cannot generate
content that is discriminatory or offensive’ or ’I
see what you did there’ or ’I am sorry I cannot
assist.’ or ’I’m sorry, but I can’t assist with that’
\n\n

You must preserve the context of the sentences.
\n\n

Your output will be: \n\n

OUTPUT: <rewritten sentence> \n\n "

B.2.2 Active Passive Voice Change
We also experiment with changing the voices using
the following prompt:

You will be given an input: \n\n
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Figure 5: Percentage of flips on the MPBHSD Dataset in the prediction of different models when the original
prediction is non-hateful (NH) or hateful (H) and the sentences are injected with different racial markers of the
speaker, either explicitly or implicitly.

INPUT: \n\n

You must change the voice of the given text. If it
is in active voice, make it passive and if it is in
passive voice, make it active. Do not modify the
context or the nuances of the text. \n\n

You cannot use the statement: ’I cannot generate
content that is discriminatory or offensive’ or ’I
see what you did there’ or ’I am sorry I cannot
assist.’ or ’I’m sorry, but I can’t assist with that’
\n\n

You must preserve the context of the sentences.
\n\n

Your output will be: \n\n

OUTPUT: <rewritten sentence> \n\n "

B.2.3 Reduce the Character Length
We also experiment with reducing the character
length of the statement to 100:

You will be given an input: \n\n

INPUT: \n\n

You must reduce the length of the input to 100
characters without modifying the context. Do not
modify the context or the nuances of the text. \n\n

You cannot use the statement: ’I cannot generate
content that is discriminatory or offensive’ or ’I
see what you did there’ or ’I am sorry I cannot
assist.’ or ’I’m sorry, but I can’t assist with that’
\n\n

You must preserve the context of the sentences.
\n\n

Your output will be: \n\n

OUTPUT: <rewritten sentence> \n\n "

We observe in Table 5 that the percentage of flips
is much lower than what we observe while adding
dialects in Table 2.

C Results

C.1 More Target Analysis
The target analysis conducted on other models is
shown in Fig. 6. In addition, we also conduct a
manual qualitative analysis to motivate our find-
ings. We see that implicit features may cause more
flips from the original prediction, specifically in
those cases where the original feature contained an
"explicit/abusive word". We notice a pattern where
the dialectical change modifies an explicit word
to another explicit word in the translated dialect.
Due to limited data, the model is probably unable
to identify the meaning and severity of this word,
hence causes a flip.

As we see in Figure 3, Buddhism has low values
across certain identities. We suppose this could be
due to the lack of isolation and a smaller number of
samples assigned to the Buddhism target variable,
which makes it difficult to discern a pattern from
the text.

C.2 Flip Analysis on MPBHSD
We extend the flip analysis shown in Figure 2 to
include an additional MPBHSD dataset as shown
in Figure 5. We observe similar patterns of flip per-
centages in this dataset as well where across model
type and size, the models likely classify hateful (H)
posts to the non-hateful (NH) category upon the
inclusion of a linguistic identity, which leads to an
increase in the number of false negatives.
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Figure 6: Percentage of Flips across each race against each Target group for implicitly marked models
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