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Abstract

AI models learn gender-stereotypical language
from human data. So, understanding how
well different explanation techniques capture
diverse language features that suggest gender
stereotypes in text can be useful in identify-
ing stereotypes that could potentially lead to
gender bias. The influential words identified
by four explanation techniques (LIME, SHAP,
Integrated Gradients (IG) and Attention) in
a gender stereotype detection task were com-
pared with words annotated by human evalua-
tors. All techniques emphasized adjectives and
verbs related to characteristic traits and gen-
der roles as the most influential words. LIME
was best at detecting explicitly gendered words,
while SHAP, IG and Attention showed stronger
overall alignment and considerable overlap. A
combination of these techniques, combining
the strengths of model-agnostic and model-
specific explanations, performs better at captur-
ing gender-stereotypical language. Extending
to hate speech and sentiment prediction tasks,
annotator agreement suggests these tasks to be
more subjective while explanation techniques
can better capture explicit markers in hate
speech than the more nuanced gender stereo-
types. This research highlights the strengths of
different explanation techniques in capturing
subjective gender stereotype language in text.

1 Introduction

Gender stereotypes refer to commonly held be-
liefs and expectations about the characteristic traits,
roles, and behaviours of groups of individuals
based on their gender (Ellemers, 2018). These
stereotypes often arise from subconscious beliefs
that could influence how an individual perceives
another based on established culture and social
norms.

These stereotypes can potentially lead to gen-
der bias when a particular individual is believed

to conform to or contradict the established beliefs
that individual should appear or behave based on
their gender. For example, women are often per-
ceived as more nurturing and empathetic, while
men are perceived as strong and decisive (Cuddy
et al., 2008). Although these traits may appear
advantageous (positive gender stereotypes), they
can limit individuals by confining them to specific
roles due to preconceived beliefs. Negative gen-
der stereotypes are the more harmful or restrictive
perceptions. A common negative gender stereo-
type is the idea that women are too emotional to be
effective leaders (Rudman and Glick, 2021). For
instance, in the study conducted by (Andrich and
Domahidi, 2022) on the descriptions of the US
political candidates, they showed that the users’
facebook comments described the male candidates
with stronger masculine traits associated with a
career in politics than the female candidates.

In the past, machine learning models have al-
ways been black-boxes until the concept of explain-
ability, the ability to interpret these models as glass
boxes, was introduced (Holzinger, 2018; Rudin and
Radin, 2019). With post-hoc XAI approaches on
natural language prediction systems, the most influ-
ential words in a prediction task can be identified by
a score assigned to each word which is indicative of
each word’s contribution to the model’s prediction.

The aim of this paper is to evaluate how different
explanation approaches that produce these word-
level scores, used on a gender stereotype detection
model align with human perceptions of language
that suggest gender stereotyping. This can assist
with identifying gender stereotypes that could po-
tentially lead to gender bias in text.

The words identified as the most influential by
four explanation approaches that return word-level
importance scores (LIME, SHAP, attention and
Integrated gradients) were analyzed against the
ground truth annotated by humans as indicative
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of gender stereotypes using an overlap measure,
the Jaccard index.

While no technique performed perfectly, an anal-
ysis of the influential words from different ex-
planation approaches showed that a local XAI
explanation-based approach such as LIME identi-
fied different words than global explanation-based
approaches such as SHAP, or model-specific ap-
proaches like attention and IG. A combination of
explanation approaches performed better than indi-
vidual approaches.

We found that human evaluators’ consensus on
the ground truth suggested that gender stereotype
detection was a subjective task as the annotators
had diverse views on what they considered as
words suggesting gender stereotype in a particu-
lar text. We observed how these explanation ap-
proaches performed on other subjective tasks in-
cluding hate speech detection and sentiment anal-
ysis. The consensus across the ground truth for
these tasks showed that they are more subjective
than gender stereotype detection. However, these
explanation techniques performed better at captur-
ing words that aligned with what human evaluators
considered to be hate speech than they did for gen-
der stereotypes. This may be due to the strong word
markers used in hate speech.

The rest of the paper is structured as follows;
section 2 covers related work, section 3 details
the methodology used, while section 4 presents
the results and analysis. The paper concludes in
section 5.

2 Background

Most of the major workplace discrimination is
based on gender stereotypes. For example, dis-
crimination against female political candidates due
to the use of gender stereotypical language may
lead to influencing the voters decision to choose a
male candidate (Andrich and Domahidi, 2022).

While gender stereotypes refer to general social
beliefs about gender roles, gender bias represents
the partiality that stems from these stereotypes
(Avitzour et al., 2020). As such, gender stereo-
types are the underlying beliefs, while bias is the
action or consequence that results from these be-
liefs (Ellemers, 2018). For example, the stereotype
that men are better at mathematics can lead to gen-
der bias against women in hiring for technical roles
(Vuletich et al., 2020).

Due to the strong negative impact that gender

bias has, much of the previous research in this
area has been on identifying and mitigating gender
bias. Researchers have investigated gender bias
within the domain of word embeddings (Bolukbasi
et al., 2016; Zhao et al., 2019; Caliskan et al., 2022),
Language models (Bordia and Bowman, 2019; Ku-
rita et al., 2019; Vig et al., 2020; Nadeem et al.,
2021), co-reference resolution (Rudinger et al.,
2018; Zhao et al., 2018; Cao and Daumé III, 2019),
machine translation (Stanovsky et al., 2019; Prates
et al., 2020; Savoldi et al., 2021), Parts-of-Speech
(POS) tagging (Garimella et al., 2019), natural lan-
guage generation (Sheng et al., 2020), and more.

Previously, researchers have used lexicon-based
methods to analyze gender stereotypes using pre-
defined gender-specific word lists derived from
psychological studies (Bem, 1974; Rosenkrantz
et al., 1968; Spence Janet and Joy, 1974). Some ap-
proaches extracted verb-noun pairs from databases
like OMCS (Open Mind Common Sense) (Singh
et al., 2002) to examine stereotypical associations
such as “women” with “cooking”, “men” with
“building”, etc. (Herdağdelen and Baroni, 2011).

More recently, machine learning has been used
to train a model that classified texts based on
whether an individual’s description aligned or con-
tradicted the expected gender norms of the subject
to explore how gender expectations are reflected
in individual descriptions (Cryan et al., 2020). A
dataset of web posts and news articles containing
descriptions of people was complied and annotated
by crowd-sourcing to determine whether the anno-
tators considered the descriptions to be consistent
with or contradictory to the gender stereotype of
the subject. The study listed the most frequent
words that contributed to gender-conforming and
gender-non-conforming predictions.

Most of the previous research that used XAI ap-
proaches explored explicit bias (De Keijzer, 2025;
Mehta and Passi, 2022; Hofeditz et al., 2022) and
not the implicit bias that comes in the form of gen-
der stereotypes. And despite the growing interest
in the field of XAI techniques, not many works
have conducted human-centered evaluations which
meant that there is a gap between what the XAI
techniques claimed and what humans considered
as actual explanations (Suh et al., 2025).

However, the work by (Jeyaraj and Delany,
2024) has applied explainability techniques to iden-
tify words associated with gender stereotypes in
text using SHAP and attention. Using a BERT-
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based transformer model, the study classified text
for gender stereotypes and introduced an influ-
ence score combining SHAP values and attention
weights. This approach was used to analyze the
linguistic patterns of influential words linked to
gender stereotypes. The findings showed that cer-
tain word types are strongly associated with such
stereotypes, highlighting the potential of explana-
tion methods to identify language that may con-
tribute to gender bias in text.

3 Approach

The aim of this work is to evaluate how different ex-
planation approaches used on a gender stereotype
detection model align with the words that humans
identify as those that suggest gender stereotyping.
The approach used firstly involved training a trans-
former model to detect gender stereotype text. Ex-
planation techniques including SHAP, LIME, In-
tegrated gradients and Attention were used to get
the most influential words for the correctly pre-
dicted gender stereotype texts. These words were
evaluated against human-annotated ground truth.

3.1 Dataset

The dataset used in this research, referred to as
the CR dataset, consists of short text statements
that are either consistent or contradict gender
stereotypes. These texts were originally compiled
and annotated through crowd-sourcing by Cryan
et al. (2020), who asked annotators to label each
statement as gender-conforming or gender-non-
conforming and to provide reasons for their de-
cisions. In the work conducted by Jeyaraj and De-
lany (2024), the authors validated these reasons as
texts conveying gender stereotypes, labelled ‘GS’
or anti-gender stereotypes, labelled ‘anti-GS’, us-
ing crowd-sourcing. The anti-GS texts consist of
both neutral texts that do not reinforce or challenge
gender stereotypes as well as texts that actively
counter and challenge gender stereotypes and in-
tentionally highlight non-stereotypical behaviours
( e.g. “That man was a compassionate nurse who
loves taking care of children.”). To maintain a
balanced training set across male/female GS and
anti-GS categories, half of the male and female
anti-GS samples and approximately 20% of the
GS samples were used for training, resulting in an
unconventional train-test split of around 27.9% -
72.1% (≈ 30/70). This dataset is shown in Table 1.

A BERT-based transformer model was trained

Dataset Size
Gender Stereotype Anti-Gender Stereotype
Male Female Male Female

Whole
CR dataset

2818
2818 (100%)

2198 (78%) 620 (22%)
1155 (41%) 1043 (37%) 282 (10%) 338 (12%)

Training
set

789 254 (9%) 226 (8%) 141 (5%) 169 (6%)

Test set 2029 902 (32%) 818 (29%) 141 (5%) 169 (6%)

Table 1: CR dataset used for training and testing the
transformer model. Sample counts are shown first, fol-
lowed by percentages (based on a total of 2818 samples).

on this binary text classification task to predict
whether a text was a gender stereotype / anti-gender
stereotype1 This achieved a precision of 0.66, recall
of 0.81 and f1-score of 0.71 on the test set.

3.2 Building the ground truth datasets
Each correctly predicted gender stereotype text
from the test set was annotated by crowd work-
ers on Amazon MTurk2. Annotators were asked
to highlight the words in the text that made them
consider the text as a gender stereotype. Each text
was annotated by three annotators. Samples that
were incomplete and samples that had been care-
lessly highlighted (annotations including highlights
of solely white spaces or partial words highlighted
across two or more words) were removed. 1371
texts that had three valid annotations were retained.

The consensus agreement across annotators for
each text instance was calculated using the Jaccard
agreement (A). This measures the overlap between
two sets of words, S1 and S2, as shown in equation
1.

A(S1, S2) =
|S1 ∩ S2|
|S1 ∪ S2|

(1)

Two datasets (D) were extracted from the set of
1371 valid texts based on the level of agreement
among the annotators for each text. The first dataset
called the weak consensus dataset (Dweak) consists
of 1328 texts. Here, each text has a set of words
where at least two out of three annotators agreed
on the words selected. The second dataset, called
the strong consensus dataset (Dstrong), includes
540 texts, where all three annotators agreed on
the words selected. It is significantly smaller than
Dweak.

1The model was a bert-base-uncased transformer model
where we tuned the learning-rate, batch size, epochs, max se-
quence length and weight decay using Bayesian optimization
with optuna.

2Amazon MTurk: https://www.mturk.com/



484

The average agreement (A(D)) across a dataset
(D) is the overall annotator agreement across that
dataset as shown in equation 2.

A(D) =
1

|D|

|D|∑
i=1

A(S1, S2)i (2)

A(Dweak) was calculated as 0.57 where S1 is the
set of words selected by at least two out of three
annotators for each text and S2 is the set of words
selected by all three annotators for each text.
A(Dstrong) was calculated as 0.34, where S1 is

the set of words selected by all 3 annotators for
a text i and S2, similar to A(Dweak), is the set of
words selected by all three annotators for text i.
A(Dweak) is higher than the A(Dstrong) as there is
more agreement when only two annotators have
to agree than when all three have to agree. This
suggests that gender stereotype detection is a sub-
jective task with varying views on what humans
consider as language suggestive of gender stereo-
types in text.

3.3 Analysing the ground truth datasets

To understand what humans perceive as gender-
stereotypical language, the words selected by the
annotators from Dweak and Dstrong datasets were

analysed. The frequency distribution of the top
words selected by the annotators in the Dweak and
Dstrong ground truth datasets is shown in Figure 1.

In Dstrong, the frequency distribution of words
unanimously agreed upon by the annotators is sig-
nificantly skewed as the common words are nearly
all explicitly (or lexically) gendered words such as
“women” and “men”. The weak consensus ground
truth dataset, which considered words selected by
at least two annotators, is less heavily skewed and
includes more words that are are not explicitly or
lexically gendered.

In spite of the the skew in the frequency distri-
bution, most of the words identified by the annota-
tors as words suggesting gender stereotypes were
non-gendered words: 95% and 87% of Dweak and
Dstrong datasets respectively. This shows that hu-
mans rely heavily on non-gendered words in recog-
nizing gender stereotypes. This suggests that gen-
der bias is often conveyed indirectly through con-
text rather than explicit gender markers. Lexically
gendered words like “manly”, “female”, “mother”,
“husband” and “feminine” have higher occurrence
in Dstrong dataset (12.7%) than the Dweak (5.5%)
suggesting that there is more agreement across ex-
plicitly gendered words.

The distribution of the male to female words
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Figure 1: Top word frequency distribution for Dweak and Dstrong ground truths (CR – GS Dataset)
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Figure 2: Percentage of different POS types in the weak
and strong consensus ground truth datasets.

within the lexically gendered words is 44%/56%
and 46%/54% for Dweak and Dstrong datasets re-
spectively suggesting that humans are more sensi-
tive to gender stereotypical language about women.

Figure 2 shows the distribution of the different
parts of speech (POS) types of words across Dweak

and Dstrong. In both, annotators agree that nouns
are more suggestive of gender-stereotypical lan-
guage in text. This is followed by verbs which
describe actions and behaviour, reflecting gender
role descriptors, and adjectives that describe char-
acteristic traits, reflecting gender expression de-
scriptors. This indicates that verbs and adjectives
play a significant role in perceiving gender stereo-
types confirming previous findings by Jeyaraj and
Delany (2024).

3.4 Extracting the most influential words

Post-hoc XAI approaches for text classification
tasks analyze and emphasize which specific com-
ponents of a given text (words, phrases, or sen-
tence structures) contribute to the model’s decision-
making process. The post-hoc techniques used in
this work include SHAP (Lundberg and Lee, 2017)
and LIME (Ribeiro et al., 2016), along with model-
specific approaches like Integrated Gradients (IG)
(Sundararajan et al., 2017) and the Attention mech-
anism (Vaswani et al., 2017; Serrano and Smith,
2019), which provide insights into a model’s inner
workings.

While LIME and SHAP are both model-agnostic
approaches which means they do not rely on the in-
ternal architecture of the model, IG requires access
to the model’s internal gradients and Attention is
inherently part of the model’s architecture rather
than a post-hoc explanation. Therefore, IG and
Attention can deliver model-specific explanations.

LIME explains predictions by training a local
surrogate model such as a linear model around
the prediction of a single text instance. It treats
the original model as a black box, relying only on
input-output behaviour without using any internal
architecture of the original model. Therefore, its ex-
planations are local and capture how the prediction
changes within the context of that input.

SHAP treats the model as a black box but does
so by estimating a value called Shapley value to
quantify the contribution of each word. It begins
with a baseline prediction, like the model’s out-
put on an empty or neutral text, and then gradu-
ally changes the input by removing or changing
words. In doing so, SHAP determines the relative
importance of each word based on how these mod-
ifications influence the prediction. Therefore, its
aggregations across instances gives more globally
consistent value of word importance.

In contrast, IG and attention are model-specific
methods. IG computes attributions by integrating
the gradients of the model’s output with respect to
the input along a path from a baseline to the actual
input. This requires full access to the model’s inter-
nal gradients. IG gives a global feature importance
of words.

Attention is a mechanism which is part of the
transformer model. It determines how much focus
each input word in the text receives during predic-
tion. In previous work, research has contested the
idea that attention is a reliable explanation (Abnar
and Zuidema, 2020). However, attention weights
are instance-level and model-specific, directly re-
flecting the learned behaviour of the model there-
fore capturing a different aspect of the word’s con-
tribution to the model’s predictions.

Each of these techniques were applied to each
instance in the ground truth datasets and returned
a score for each word in the text. This score repre-
sents the contribution of that word to the model’s
prediction. Scores for stopwords and special char-
acters were not considered.

To identify the most influential words, 90% of
each dataset was used to tune a word score thresh-
old for each method. The threshold that achieved
the highest agreement with the ground truth on the
remaining 10% of the data was selected. The in-
fluential words for a technique are those above the
identified threshold.
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4 Results and Discussion

Figure 3 shows the agreement between the most
influential words from each explanation technique
and Dweak/Dstrong ground truth datasets measured
using Equation 2 with S1 representing the set of
Dweak/Dstrong words for a text and S2 being the
corresponding influential words according to a par-
ticular explanation technique for that text.
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Figure 3: Agreement between ground truth and words
captured by each explanation method.

This agreement is higher and more stable for
the weak consensus ground truth than the strong
consensus dataset. In general, all the explanation
methods perform better in capturing weak consen-
sus ground truth words than the strong consensus
words. However, the small size of the strong con-
sensus dataset may contribute to this.

The distribution of the frequency of influential
words captured by the different methods is shown
in Figure 4.

Figure 4 shows that LIME captures fewer words
per text than the other three methods. None of the
explanation techniques match the distribution of the
human annotators who, unsurprisingly, generally
choose the fewest words.

More than 95% of influential words identified
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Figure 4: Word count distribution of most influential
words.

by all methods are non-gendered words, ie. non
lexically gendered. Interestingly, gender pronouns
such as “he”, “she”, “her”, etc. are rarely captured
by the XAI methods. LIME selects the most lex-
ically gendered words, which is still significantly
less than human annotators.

The Dweak ground truth includes a slightly
higher proportion of female-gendered words
(∼57%) compared to male-gendered words
(∼43%). However, the explanation techniques
identified gendered words in near balanced propor-
tions, ranging between 48-50% male and 50-52%
female. This indicates that while human evalua-
tors demonstrate a slight bias in associating gender
stereotypes more with females than males, expla-
nation methods do not reflect as much difference
in this regard.

Figure 5 shows the agreement between words
captured by different explanation methods for the
gender stereotype texts measured using Equation 2
where S1 and S2 are the set of words identified by
the two corresponding techniques compared.
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Figure 5: Agreement between words captured by differ-
ent methods.

Overall, while SHAP, attention and IG show
high agreement with each other, LIME aligns less
strongly with the others. This may be due to the
difference in LIME providing local explanations,
interpreting individual predictions. Although atten-
tion is local to the instance, it learns during training
to focus on semantically or syntactically important
tokens. This learning often aligns attention with
importance measures from gradient-based methods.
And this may account for the high overlap between
the influential words according to attention and
global explanations like IG or SHAP.

We explored how well a combination of influ-
ential words from multiple explanation techniques
would perform at aligning with what humans per-
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ceive as words suggesting gender stereotype in
text. We explored different combinations of 2
to all 4 techniques. The set of most influential
SHAP words (SSHAP) and attention words (SATTN),
combined with the set of most influential words
found by LIME (SLIME) but not present in the set
of words found by IG (SIG) had the best agree-
ment of 38.24% with the ground truth, as shown in
Equation 3.

SGS = SSHAP ∪ SATTN ∪ (SLIME \ SIG) (3)

This was followed very closely by an agreement
of 38% by combining SSHAP and SATTN words
alone. This suggests that although LIME has the
lowest agreement with the ground truth on its own,
it may capture meaningful words that were not cap-
tured by the other methods.

4.1 Comparing explanation techniques on
other subjective tasks

We have shown above that gender stereotype de-
tection is a subjective task based on the annotator
agreement. We compared how the words high-
lighted by XAI techniques match with human-
annotated words for other tasks such as hate speech
detection and sentiment analysis. To observe if the
explanation techniques aligned with human judge-
ment in identifying words that influenced predic-
tion across tasks other than gender stereotype de-
tection, we considered other tasks including hate
speech detection and sentiment analysis.

For hate speech detection, a subset of the Hate
Speech 18 dataset (HS18) (de Gibert et al., 2018)
and for sentiment analysis, a subset of the IMDB
movie reviews datasets (Maas et al., 2011) were
used. Details about these datasets are presented in
Table 2.

Dataset Label Train Set (%) Test Set (%)

HS18
No Hate 50% (500 / 1000) 50% (500 / 1000)

Hate 50% (500 / 1000) 50% (500 / 1000)

IMDB
Negative 50% (1000 / 2000) 50% (1000 / 2000)
Positive 50% (1000 / 2000) 50% (1000 / 2000)

Table 2: Hate Speech 18 (HS18) and IMDB Movie
review (IMDB) dataset descriptions used for training
and testing the transformer model.

Each dataset was split 50%/50% for training and
testing. The same transformer model architecture
used for the gender stereotype detection task was
used to build models to predict hate/no hate text

and positive and negative sentiment respectively.
Hyperparameters were tuned individually for each
task. Table 3 shows the performance of the classi-
fier on these tasks.

Task Class Precision Recall f1-score
Hate speech
detection

Hate 0.80 0.84 0.82
No hate 0.84 0.79 0.81

Sentiment
analysis

Positive 0.90 0.85 0.87
Negative 0.86 0.91 0.88

Table 3: Classifier performance on other tasks.

The correctly predicted hate-labeled, positive
and negative movie review texts from these tasks
were annotated on Amazon MTurk by 3 annota-
tors following a similar process to that of the gen-
der stereotype annotation task. Dweak and Dstrong

ground truth datasets for these tasks were created,
similar to that of the gender stereotype detection
task, details of each are shown in Table 4.

Task Total Dweak Dstrong

Hate Speech 420 417 (99.3%) 150 (35.7%)

Sentiment (Pos) 850 92 (10.8%) 20 (2.4%)

Sentiment (Neg) 910 379 (41.7%) 89 (9.8%)

Table 4: Distribution of Dweak and Dstrong ground
truth subsets for each task. (Sample counts are shown
first, followed by percentages based on the respective
total samples).

Figure 6 shows the agreement between the an-
notators on the Dweak and Dstrong datasets for the
hate speech and sentiment analysis computed using
Equation 2 and compared with the gender stereo-
type detection ground truth.
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Figure 6: Agreement between annotators for different
subjective tasks.

Figure 6 shows that identifying words that indi-
cate positive sentiment is the most subjective of the
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tasks evident due to the lowest agreement among
annotators. Human evaluators seem to have diverse
views on what suggests a text to be considered a
positive or negative sentiment although they agree
more on what words influence negative than pos-
itive sentiment. This is followed by hate speech
detection being moderately subjective and gender
stereotype detection being less subjective than the
other two tasks.

The thresholds for the explanations’ word scores
were tuned in a similar way to the gender stereotype
detection task to identify the set of influential words
from each explanation approach for each task.

Figure 7 shows the agreements between the in-
fluential words of the different explanation ap-
proaches against their respective ground truths for
all tasks.
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Figure 7: Jaccard agreement of most influential XAI
words with their ground truth words.

All the explanation methods perform well on
hate speech detection. We found that hate speech
detection is a subjective task according to human
annotators. Humans selected a wide variety of
words that suggest hate speech not necessarily
agreeing on what they consider as hate speech as
much as we might expect. Explanation techniques
performed well, tending to highlight obvious strong
marker words such as bitch, homo, kill, etc.. Simi-
lar to the gender stereotype detection task, LIME
performs poorly in capturing words suggesting hate
speech or negative/positive sentiment compared to
the other three approaches. All techniques perform
poorly in capturing words that align with human
ground truth for the sentiment analysis task which
is not surprising as this task was found to be very
subjective according to the low agreement between
the annotators as shown in Figure 6.

5 Conclusion

To identify language indicative of gender stereo-
types, we trained a transformer model to classify
gender stereotype and anti-gender stereotype texts
and compiled a ground truth dataset of words for
the correctly predicted gender stereotype texts us-
ing crowd-workers on Amazon MTurk. According
to human evaluators, gender stereotype detection
is a highly subjective task with varying views on
gender-stereotypical language in text.

We applied model-agnostic eXplainable AI
(XAI) approaches such as SHAP and LIME, along
with model-specific explanations such as Integrated
Gradients, and Attention on these correctly pre-
dicted gender stereotype texts to identify the most
influential words in the classification task. The
words identified by each approach were compared
against the ground truth using the average over-
lap agreement across text samples. Our findings
showed that while all methods mainly identified
non-gendered words, LIME captures the most gen-
dered words. This could be due to LIME’s local
explanation approach allowing it to identify words
missed by the other methods which have significant
overlap among the words they capture.

We combine the strengths of model-agnostic and
model-specific explanation in identifying words
suggesting gender stereotype in text. The pro-
posed approach incorporates influential words from
SHAP and Attention, along with words from LIME
not captured by Integrated Gradients. This combi-
nation showed the best agreement with the ground
truth dataset achieving an agreement of 38.24%.

Further analysis across other tasks such as hate
speech detection and sentiment analysis showed
that all four explanation approaches performed well
in identifying words related to hate speech. This
could be attributed to the presence of strong, objec-
tive word markers suggesting hate speech.

In conclusion, this study provides a detailed com-
parison of explanation methods in the context of
gender stereotype detection. It presents the impor-
tance of combining different approaches to improve
interpretability and highlights the challenges posed
by the subjectivity of the gender stereotype detec-
tion task.
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