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Abstract

Top-performing Artificial Intelligence models
often operate as black boxes. Explainable AI
(XAI) can increase transparency, but its evalua-
tion is currently hindered by a lack of annotated
explanation data and agreed-upon validation
standards. We propose a framework for eval-
uating the faithfulness of explanations in Por-
tuguese hate speech detection. Our approach
is based on the premise that a faithful expla-
nation should identify features whose removal
degrades a model’s performance. We follow a
three-step process: (i) prediction on the origi-
nal input; (ii) identification and removal of ex-
planatory keywords; and (iii), prediction on the
modified input, with performance differences
used as an evaluation signal. We conduct exper-
iments using ensemble classifiers, multiple key-
word selection strategies, and SHAP and LIME
as XAI methods. In addition, Large Language
Models (LLMs) are explored both as classifiers
and as explainers. Results demonstrate that re-
moving explanatory keywords degrades model
performance more than random word removal,
indicating explanation faithfulness. Notably,
SHAP and LIME consistently provided more
faithful explanations than LLM-generated or
manual alternatives, although impact depends
on the keyword selection strategy. These find-
ings highlight the importance of standardised,
unsupervised evaluation protocols for XAI and
the faithfulness limitations of current genera-
tive LLM explanations.

1 Introduction

The widespread adoption of Machine Learn-
ing (ML), particularly deep neural networks and
Large Language Models (LLMs), has brought re-
markable advances across domains. However, the
opacity of these models raises concerns across dif-
ferent applications, from health diagnosis, where
transparency often outweighs performance (Watson

et al., 2019); to facial recognition1 or recidivism
prediction2, where bias has negatively affected peo-
ple’s lives; to hate speech detection, where AI
can be used for prevention but also for prolifer-
ation3. To answer these concerns, Explainable AI
(XAI) (Gunning, 2016) emerged as a new field,
which aims to make AI decisions more transparent
and trustworthy by providing insights into models’
inner workings and predictions. However, there
are no standardised way of explaining the previous
widely-adopted models. The same happens for ex-
planations, which are challenging to quantitatively
evaluate. The ideal choice is to involve humans
in the process, either by asking them to qualita-
tively evaluate explanations or to create annotated
rationales. Yet, both of the previous options are
time and resource-consuming (Arya et al., 2019;
Herrewijnen et al., 2024). The lack of annotated
data particularly affects the development and ap-
plication of XAI to lower-resource languages such
as Portuguese. In this work, we choose the case of
hate speech detection for two reasons:

1. The increasing relevance of this task in soci-
ety, as noted by Gongane et al. (2024) and
Dietrich (2025). Both mention the reliance
on AI for hate speech detection, with the for-
mer calling for explainability of ML models
due to the multitude of dimensions involved
in hate speech, and the latter reinforcing the
risks of automated deletion, and presenting
this as a high-risk application, which, based
on the European Union’s AI Act4, requires
interpretability, further motivating the applica-
tion of XAI to this scenario;

1https://archive.nytimes.com/bits.blogs.nytim
es.com/2015/07/01/google-photos-mistakenly-label
s-black-people-gorillas/

2https://www.propublica.org/article/machine-b
ias-risk-assessments-in-criminal-sentencing

3https://stories.undp.org/hate-speech-in-the
-age-of-ai

4https://artificialintelligenceact.eu/
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2. The existence of a dataset with human-
annotated rationales in Portuguese, HateBRX-
plain (Salles et al., 2025), which allows for a
better analysis and comparison of approaches.

Our goal is to develop unsupervised evaluation
methods, which are not limited by the lack of hu-
man rationales or language-specific resources. Our
proposal consists of three steps: (i) prediction of
the original input; (ii) identification and removal
of relevant keywords; and (iii), prediction of the
edited input. We develop different methods to iden-
tify the keywords and, besides randomised base-
lines, rely on SHAP (Lundberg and Lee, 2017)
and LIME (Ribeiro et al., 2016) as explainability
methods due to their high popularity and agnostic
nature. In line with current research trends and to
analyse the faithfulness of explanations obtained
via generative AI, two LLMs, LLaMa3 (Grattafiori
et al., 2024) and Gemma3 (Team et al., 2025), are
also integrated, both as classifiers and as explainers.
We evaluate the impact of keyword-removal in the
classifiers’ performance as a proxy for explanation
quality, present quantitative evaluation metrics, and
compare the results with human rationales. We also
analyse the keywords identified regarding their role
as content or function words.

As such, the main contributions of this work are:

1. An unsupervised approach for the evaluation
of explanations based on keyword-removal,
with different keyword selection solutions;

2. The application to a Portuguese hate speech
classification dataset;

3. A multi-layered analysis, including the impact
of keyword-removal on performance, annota-
tor evaluation, difference between rationales,
keyword roles, and the comparison between
different approaches.

The remainder of the paper is structured as fol-
lows: Section 2 discusses other works involving
XAI and the evaluation of explanations; Section 3
introduces the general approach proposed, whereas
Section 4 includes details on the dataset, models
used, approaches for keyword selection, and im-
plementation details; Section 5 presents the results
and insights gathered from the application of the
approach to hate speech detection; Section 6 con-
cludes the paper and provides cues for future work.
The paper ends with an analysis of its limitations.

2 Related Work

XAI is increasingly relevant in a society brimming
with AI due to its role in auditing, debugging, im-
proving models, and for discovering new insights
(Adadi and Berrada, 2018). However, despite its
growing relevance, there is no standardised form
of explaining or evaluating explanations (Wiratsin
and Ragkhitwetsagul, 2025).

Several works have discussed this issue and
proposed explanation evaluation criteria (Molnar,
2020; Ghanvatkar and Rajan, 2024), e.g., accuracy,
fidelity, faithfulness, and user usefulness, but many
are difficult to measure, especially automatically.
Faithfulness and plausibility have also been ex-
plored in LLMs, with Agarwal et al. (2024) express-
ing concerns about their faithfulness and lack of
reliability. Ideally, explanations should involve hu-
mans (Herrewijnen et al., 2024; Adadi and Berrada,
2018; Wiratsin and Ragkhitwetsagul, 2025), but
this is resource-intensive, and even supervised
methods to select rationales can lead to weak or
misaligned explanations (Hu and Yu, 2024).

There have been some works exploring XAI in
Portuguese for different tasks, e.g., humor recog-
nition (Inácio et al., 2023), proficiency and read-
ability modeling (Ribeiro-Flucht et al., 2024), and
punctuation restoration (de Lima et al., 2024).
None of these works evaluated the explanations
obtained. Salles et al. (2025), the creators of Hate-
BRXplain, the hate speech detection corpus used
in this work, apply model-agnostic explanation
methods like SHAP (Lundberg and Lee, 2017) and
LIME (Ribeiro et al., 2016) to identify and analyse
rationales, which are common XAI methods for
the task of hate speech detection (Ngueajio et al.,
2025). The authors evaluate the plausibility and
faithfulness of these approaches in encoder and
encoder-decoder models, e.g., BERTimbau (Souza
et al., 2020) and PTT5 (Carmo et al., 2020), con-
cluding that the best-performing models fail to
provide faithful rationales. Decoder-based models
have also been explored for the same task, namely
LLaMa 25, which achieved similar results to the
proprietary GPT 3.5. Concise and direct prompts
have been shown to be more effective (Kumarage
et al., 2024), possibly due to performance drops
when relevant information is positioned in the mid-
dle of long prompts (Liu et al., 2024). The authors
of the corpus applied XAI to a random subset of

5https://huggingface.co/meta-llama/Llama-2-7
b-chat-hf
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10% of the annotated data and their analysis re-
volves around plausibility and faithfulness.

In another evaluation approach (Madsen et al.,
2024), the main idea is that if a set of words is
important for making a prediction, then it should
not be able to make its prediction without these
words. This is called Deletion Check (Nauta et al.,
2023) and has been used for the evaluation of ex-
planations. To determine the features for removal,
some approaches include training models to assign
relevance scores or relying on XAI approaches (Sel-
varaju et al., 2017) for feature identification and
then selecting the top-k words. LLMs have also
been used to identify relevant keywords, but with
the goal of evaluating faithfulness and human align-
ment (Fayyaz et al., 2024).

While some forms of evaluating explanations
have been explored, there is no standardised man-
ner of doing this, and there is room for further
research, namely on the identification of keywords
and using the complete HateBRXplain dataset,
making use of all its human-annotated rationales.

3 Proposed Approach

Classification
Model

Explanation
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Data
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Classification
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Figure 1: General approach for the evaluation of expla-
nations, signalling each step of the proposal.

We propose an unsupervised framework for val-
idating explanation faithfulness based on the as-
sumption that a faithful explanation identifies fea-
tures that are important for a model’s prediction.
Under this assumption, removing such features
should lead to a measurable degradation in classifi-
cation performance, whereas the removal of irrele-
vant features should have a smaller effect. Figure 1
illustrates the proposed framework, which consists
of three main steps, detailed below with examples:

1. Original prediction: the classifier predicts
a label for the original input, and its baseline
performance is recorded.

• Input: They are repulsive human beings.
• Predicted label: Offensive/Hate speech.

2. Explanation and keyword-removal: an ex-
planation method is applied to identify the
most relevant keywords, which are then re-
moved from the original input according to a
predefined selection strategy.

• Explanatory keyword: repulsive.
• Edited Input: They are human beings.

3. Modified-input prediction: the classifier pre-
dicts a label for the modified input, and its
performance is re-evaluated.

• Edited Input: They are human beings.
• Predicted label: Not offensive/neutral.

Steps 1 and 3 rely on ML models to classify each
example. Step 2 involves the generation of expla-
nations, which can be produced either by formal
XAI models or by prompting the same LLMs used
for classification. Keyword-removal can follow
different strategies, e.g., selecting a number of top-
ranked keywords or using score-based thresholds.

After this process, it is possible to evaluate the
quality of the explanation based on its impact on
performance, but also to analyse keyword roles
(functional versus content), or compare rationales.

This approach was inspired by related
work (Salles et al., 2025; Fayyaz et al., 2024)
and differs in the explainer and classification
models used, the keyword-selection techniques,
and the metrics used, both regarding impact on
performance and linguistic analysis.

In the next section, we detail the components
and the decisions involved, including the choice
of classifiers and LLM prompts, the techniques
for keyword selection, and other technical details,
including text tokenisation and representation.

4 Experimentation

We apply the general proposal presented earlier to
the HateBRXplain dataset (Salles et al., 2025) and
describe each step of the process in detail, namely,
regarding data, models, statistical analyses, key-
word selection, and implementation details.

4.1 Dataset Description

Our study is on a hate speech detection scenario,
using HateBRXplain (Salles et al., 2025), a dataset
derived from HateBR (Vargas et al., 2022), con-
taining 7,000 Instagram comments in Portuguese,
3,500 labelled as offensive (1) and 3,500 as not
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offensive (0), and human-annotated rationales, pro-
moting explainable hate speech detection and en-
abling further explainability-related research. The
rationales are composed of text spans that justify
the attribution of the offensive label (1) to a given
example, each annotated by two different people.
There are no rationales for the non-offensive class.
Included comments have, on average, 12 to 15
words, depending on the label, and one sentence per
comment, as described by the authors. Regarding
the rationales, the annotators identify, on average,
five to seven tokens and one to two spans per com-
ment. Table 1 presents examples of comments and
annotated rationales. We select the rationales of
annotator two, which tend to be shorter, as per the
analysis performed by the authors, making them
more suitable as examples.

Comment Rationale

Quem tem pena é galinha, mas
ela é uma VACA LOUCA.

ela é uma VACA LOUCA

Sem noção sobre o Brasil e
uma corrupta

corrupta

Cai fora o Brasil não precisa
de você

cai fora

Table 1: Examples from the HateBRXplain dataset, pre-
senting hate speech comments and the rationales anno-
tated by annotator two.

4.2 Classification Models
We chose ensemble methods and two LLMs for
hate speech detection, motivated by their popular-
ity, performance, and complexity, as they are seen
as high-performing options with low explainability
(Gongane et al., 2024). This makes them ideal for
our work as we aim to analyse the drop in perfor-
mance when relevant features are removed.

The ensembles chosen are Random Forest (RF)
and Extreme Gradient Boosting (XGBoost). Re-
garding LLMs, we use two decoder-based multilin-
gual models: LLaMa3-8B with Q4_0 quantisation
and Gemma3-12B with Q4_K_M quantisation. RF
and XGBoost were used in a traditional supervised
approach, whereas the LLMs were prompted with
the zero-shot prompt in Figure 26.

4.3 Explanation Approaches
Regarding XAI, we used the most popular model-
agnostic options available, SHAP (Lundberg and

6The prompt translates to "Classify the following text as be-
longing to one of these categories: Offensive or Not-Offensive.
Indicate only the category. Text: <TEXT>".

Classifica o seguinte texto como pertencente a
uma das seguintes categorias: Ofensivo ou
Não-Ofensivo. Indica apenas a categoria.
Texto: <TEXT>

Figure 2: Prompt template for classification, where
<TEXT> is replaced by the example to be classified.

Lee, 2017) and LIME (Ribeiro et al., 2016), to
identify the most relevant features for a given pre-
diction or overall. Since we explore LLMs as clas-
sifiers, we also use them as explainers, providing
a fully generative option for our approach. We
also include two baseline approaches, "Random"
and "Unimportant", to be detailed next, as well as
the human-annotated rationales which identify the
relevant keywords for two annotators.

We use the prompt in Figure 3 to generate an
explanation7. The symbol ";" is reinforced to make

Identifica as palavras presentes no texto que
justificam a sua classificação como
<CATEGORY>, por ordem decrescente de
importância para esta classificação. Indica
apenas essas palavras, cada uma seguida do
símbolo ";". Caso seja apenas detetada uma
palavra, deve igualmente estar seguida do
símbolo ";". Omite qualquer texto extra ou
explicação da seleçao das palavras. Texto:
<TEXT>

Figure 3: Prompt template for generating an explanation,
where <TEXT> is replaced by the dataset example being
analysed and <CATEGORY> is replaced by the model
prediction for that example.

processing of the keywords easier and uniform.
In a different version of the prompt, besides the
identification of words, we request also expressions
or spans. We simply add this in the prompt, e.g.,
where it reads "Identifica as palavras" (Identify the
words) we change it to "Identifica as palavras e
expressões" (Identify the words and expressions).
It is expected that identifying only words will more
easily compare with the XAI models, which do not
consider spans, and that including expressions will
more easily compare with the human-annotated
rationales, which include both forms.

7The prompt translates to "Identify the words present in
the text that justify its classification as <CATEGORY>, in
descending order of importance for this classification. Indicate
only these words, followed by the symbol ";". In case only one
word is detected, it should also be followed by the symbol ";".
Omit any extra text or explanation of the selection of words.
Text: <TEXT>".
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4.4 Keyword Selection

The selection of keywords for subsequent removal
is one of the most crucial aspects of our method-
ology. Before delving into the explored options,
two baselines were created: "Random" and "Unim-
portant". Both randomly pick K words of each
example, that will then be removed and analysed.
The difference between them is that "Unimportant"
selects only from a list of not-relevant keywords, as
it accesses the human-annotated rationales for the
offensive class and removes the human-identified
keywords from the list of options. Regarding these
rationales, a combination of the keywords or spans
selected by each annotator was created for further
analysis, by performing the union of both groups.

We developed three keyword selection methods:

1. Top-K, in which the K most relevant key-
words are identified for removal. We leverage
the existing statistical analysis of the rationale
annotations (Salles et al., 2025) to define the
range of K, [1,3,5,7]. When not available, the
range can be defined by exploring the distri-
bution of the examples’ length;

2. Top-W, in which we define the maximum cu-
mulative weight value, W, across the selected
words. This only applies to SHAP and LIME,
as they provide scores for each feature. Any
number of words can be selected, as long as
the sum of their weights does not surpass W.
The range of values differs based on the classi-
fier and XAI model used, and we will analyse
this further ahead;

3. Min-W, in which we define the minimum
weight value, W, that a word must have to be
selected for removal. Any number of words
can be selected, as long as their weight is
at least W. Similarly to the previous option,
this only applies to SHAP and LIME, and the
range of values differs between combinations
of classifier and XAI model.

To define the range of values for each classifier
and explanation models, a brief statistical analysis
was performed on the ten most relevant features
identified, which can be seen in Table 2. Due to the
selection of ten features, each of which has a mean
or median score, results are displayed as a range.

Whereas with SHAP we retrieve the global
scores of each feature, with LIME, a local approach,

all the examples need to be processed and the fea-
tures and their scores aggregated. Then, the data is
sorted and the ten largest values are selected.

Model XAI Mean Std Median Max Min

RF LIME 0.24–0.33 0.20 0.22–0.32 0.70 0.05
RF SHAP 0.01–0.02 0.02 0.01–0.02 0.46 0.00
XGB LIME 0.26–0.43 0.16 0.29–0.49 0.66 0.04
XGB SHAP 0.06–0.21 0.40 0.04–0.15 4.00 0.00

Table 2: Statistical analysis of the selected features.

The analysis of the statistical distribution of each
experiment shows that the scores change greatly
based on the XAI model, and not so much based on
the classifier, except for SHAP, where the range of
values differs greatly from RF to XGB. In fact, the
latter has large standard deviation and maximum
values, so larger thresholds for Top-W will be used.
The resulting range of values for each experiment
can be seen in Table 3.

Model XAI Top-K Top-W Min-W

RF LIME [1, 3, 5, 7] [0.3, 0.5, 0.7] [0.01, 0.05, 0.10, 0.20]
RF SHAP [1, 3, 5, 7] [0.1, 0.3, 0.5] [0.01, 0.02, 0.05, 0.10]
XGB LIME [1, 3, 5, 7] [0.3, 0.5, 0.7, 1.0] [0.10, 0.20, 0.50, 1.00]
XGB SHAP [1, 3, 5, 7] [0.7, 1.0, 3.0, 5.0] [0.10, 0.20, 0.50, 1.00]

Table 3: Selected range of values for each keyword se-
lection method, based on the classifier and XAI model.

4.5 Implementation Details

In this section, we describe the technical specifics
and implementation decisions made. The pack-
ages used include scikit-learn for RF, TF-IDF and
evaluation (with a dataset split of 80-20); xgboost
for XGBoost; lime and SHAP (TreeShap) for XAI;
NLTK for detokenisation; regex for tokenisation
and word removal; numpy and pandas for data
structures and operations; matplotlib for the cre-
ation of graphs. When applicable, a random seed
of 42 was set.

Regarding ensembles, the following hyperparam-
eters were used: (1) for RF: n_estimators was 200;
(2) for XGBoost: eta was 0.2, n_estimators was
300, and objective was binary:logistic. For LLMs,
we used Llangchain and set a temperature of 0.0 to
maximise determinism.

For word tokenisation and search, regex was
used for coherence with LIME’s tokeniser (\w+).

Regarding word representation, when necessary,
TF-IDF was applied due to its interpretable nature.
No hyperparameters were set as to not remove any
keyword that could be relevant for the model.
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There were some scenarios that required con-
sideration and adjustments, e.g., when a keyword
appears more than once in the example or when
keyword-removal would lead to an empty string.
Regarding the former, our solution was to count
each occurrence of the word for the top-k, except
if this was the last word selected, in which case
we overrule the top-k value and remove all occur-
rences of this word, as it is not certain which is
the most relevant. Regarding the former, we chose
to classify examples with insufficient words as 0,
which can be considered the default state, rather
than removing them, in order to preserve compara-
ble experiments, i.e., with the same examples. This
constraint should be considered when analysing the
results in the next section.

Whereas to define the range of values for the Top-
W and Min-W keyword selection methods, SHAP
and LIME (aggregated) were used for a global anal-
ysis, when selecting and removing keywords from
a given sample, they were defined as local mod-
els, looking at the scores of each feature for that
specific instance.

5 Results and Discussion

In this section, we describe the metrics and experi-
ments developed and discuss the results. The fol-
lowing aspects were analysed: (i) evaluation of ex-
planations based on the impact of keyword-removal
on performance; (ii) keyword-removal methods;
(iii) keyword roles; (iv) similarity with human-
annotated rationales and annotator impact. When
human rationales are used, they correspond to the
union of the keywords selected by both annotators.

5.1 Evaluation of Explanations

Our evaluation of explanations is grounded on the
assumption that features identified by a faithful ex-
planation should have a measurable impact on the
classifier’s performance when removed from the
input. To quantify this, we introduce two metrics:
PerfDiff, which measures the difference between
the original performance and the performance after
keyword removal, and RandomDiff, which mea-
sures the distance between the post-removal per-
formance and random behaviour (50% accuracy
for a binary task). While a faithful explanation is
expected to drive performance closer to random,
PerfDiff is also necessary to contextualize the mag-
nitude of the performance drop.

Figure 4 shows the lowest performance obtained

for each combination of explanation and classifica-
tion approach. Across most settings, it is clear that
there is a large drop in performance upon keyword-
removal, often close to 50%. SHAP and LIME
have the highest impact, suggesting that they pro-
vide faithful explanations. For LLM-based expla-
nations, we compare two prompting strategies, one
requesting only word identification (LLM1), and
another including expressions (LLM2). Results
show minimal differences between these prompts
in terms of performance impact. As expected, the
removal of unimportant words is the baseline with
the least impact. However, it should be noted that
only keywords for the hate speech class were con-
sidered, as they were the only human-annotated ex-
amples, so the real impact should be even smaller.

Table 4 presents the metrics for each of the ap-
proaches followed, allowing us to verify once again
that LIME and SHAP provide good explanations,
as they show the highest PerfDiff and the lowest
RandomDiff. The LLM experiments show higher
RandomDiff than the random baseline, where key-
word selection is randomised, casting doubts on
their adoption as explainers.
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Figure 4: F1-Score comparison for the best explanation
approaches for each classifier.

Approach Original PerfDiff RandomDiff

RF-Random (Top-K 7) 0.79 -19pp 10pp
RF-Unimp. (Top-K 7) 0.79 -14pp 15pp
RF-LIME (Top-K 7) 0.79 -28pp 1pp
RF-SHAP (Top-W 0.5) 0.79 -39pp 10pp
RF-Human 0.79 -25pp 4pp
XGB-Random (Top-K 7) 0.79 -18pp 11pp
XGB-Unimp. (Top-K 7) 0.79 -15pp 14pp
XGB-LIME (Top-W 1.0) 0.79 -28pp 1pp
XGB-SHAP (Min-W 0.1) 0.79 -37pp 8pp
XGB-Human 0.79 -27pp 2pp
LLaMa3-LLM1 0.82 -21pp 11pp
LLaMa3-LLM2 0.82 -20pp 12pp
Gemma3-LLM1 0.87 -22pp 15pp
Gemma3-LLM2 0.87 -23pp 14pp

Table 4: Impact analysis for each combination of ap-
proaches, regarding their F1-Score. When applicable,
the keyword-removal method is described.
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5.2 Keyword-removal Methods

Previously, only the lowest-score results were pre-
sented, but several approaches were evaluated, es-
pecially regarding the keyword-removal methods:
Top-K, Top-W, and Min-W, with the two latter ap-
plying only to XAI and ensemble models.

Figure 5 illustrates the effect of Top-K on per-
formance, showcasing the difference between the
random baselines and the use of XAI models like
SHAP and LIME. There is a clear drop as the value
of K increases, but with only the removal of three
keywords, it is possible to see a large impact on
performance, especially for XGBoost.
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XGBoost-LIME
RF-SHAP
XGBoost-SHAP
Baseline (0.79)
Random (0.50)

Figure 5: F1-Score comparison for each model, expla-
nation approach, and top-k threshold value.

Figure 6 shows the impact of Top-W on perfor-
mance, with SHAP presenting the highest effect
but also higher divergence regarding values of W,
contrary to LIME, where, for both ensembles, the
range of values is similar.
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Figure 6: F1-Score comparison for each model, expla-
nation approach, and top-w threshold value.

Figure 7 presents the impact of Min-W on perfor-
mance, where the trend is contrary to the previous
methods, as a higher Min-W means fewer words
are selected for removal, hence less impact. Again,
SHAP presents the lowest performances and the
value range is very diverse, as opposed to LIME.
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Figure 7: F1-Score comparison for each model, expla-
nation approach, and min-w threshold value.

Whereas the largest impact is frequently ob-
served via the removal of the Top-K words, for
SHAP a weight-based approach is more impactful.

5.3 Keyword Role Analysis

We analyse the linguistic roles of the keywords
identified for the explanations, namely regarding
the purpose of function, e.g., e (and), esse (that), or
content, e.g., lindo (beautiful), traidores (traitors).

Table 5 presents the average number of words
with function (FRole) and content (CRole) roles.
Three aspects should be noted: (i) in the human
annotations, only one class is represented; (ii)
Gemma3 required some post-processing as it re-
peatedly identified certain keywords, affecting the
statistical analysis, so only unique keywords were
considered; and (iii), the role analysis is based on
an approximation using NLTK’s Portuguese stop-
words as a proxy for the functional role.

Human-annotated explanations include more
content than functional words, which makes sense
in a hate speech scenario, where stopwords are less
likely to be relevant. However, these words are still
selected across all experiments, but less so when
LLMs are involved. Furthermore, SHAP tends to
select more keywords in comparison with the other
approaches, as confirmed in related work (Salles
et al., 2025), especially content words. LIME
seems much closer to human-annotated explana-
tions regarding these linguistic roles.

5.4 Human Similarity and Annotator Impact

Finally, we analyse the impact of individual anno-
tators and the similarity between human rationales
and automatically generated explanations.

Table 6 shows the impact on performance when
the keywords removed are the ones identified by
each annotator and the combination (union) of
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Approach FRole CRole

RF-Random 1.76±1.73 2.43±2.20
RF-Unimp. 1.56±1.66 2.21±2.13
RF-LIME 1.77±1.73 2.42±2.20
RF-SHAP 4.35±4.38 7.50±7.85
RF-Human 1.69±2.87 3.78±4.23
XGB-Random 1.75±1.71 2.44±2.20
XGB-Unimp. 1.59±1.68 2.18±2.10
XGB-LIME 1.55±1.54 2.64±2.34
XGB-SHAP 1.16±1.27 3.03±2.62
XGB-Human 1.69±2.87 3.78±4.23
LLaMa3-LLM1 0.20±0.55 2.26±1.29
LLaMa3-LLM2 0.51±1.37 2.98±3.09
Gemma3-LLM1 0.25±0.73 3.69±2.32
Gemma3-LLM2 0.40±0.87 3.80±2.40

Table 5: Analysis of keyword roles, function (FRole)
and content (CRole), for each approach.

both. Regardless of classification model, annotator
one has a five-point difference regarding annota-
tor two, suggesting that they better identified rele-
vant and faithful keywords. However, this does not
mean that for a human reading the explanations this
would remain the case, as we are only analysing the
impact on ML models. Related work (Salles et al.,
2025) has also shown that annotator one considers
a larger number of words and also more nouns and
verbs, compared to annotator two, which may have
an impact on this result.

Model Annotator Score

RF Annotator1 0.54
RF Annotator2 0.59
RF Combined 0.55
XGB Annotator1 0.52
XGB Annotator2 0.57
XGB Combined 0.53

Table 6: Post-removal effect on performance (F1-Score)
by annotator.

Table 7 shows the average Jaccard Similarity
scores for each approach. It is clear that the unim-
portant baseline barely has any similarity with the
human-annotated rationales, as expected, since we
deliberately exclude their rationales from the pos-
sible keywords to be identified for class one. Nev-
ertheless, the vast majority of approaches shows
weak similarity with the human rationales, with
the exception of XGB-LIME and Gemma3-LLM2,
which present moderate similarity. However, in
most cases, the standard deviation is high and could
lead to moderate-to-high similarity in some exam-
ples. It should be noted that this analysis was done
on the token-level, despite human-annotators in-
cluding spans in their annotations, as for most ap-

proaches, only tokens are identified as keywords.

Approach Similarity

RF-Random 0.21±0.25
RF-Unimp. 0.09±0.13
RF-LIME 0.22±0.25
RF-SHAP 0.25±0.22
XGB-Random 0.21±0.25
XGB-Unimp. 0.09±0.13
XGB-LIME 0.40±0.31
XGB-SHAP 0.12±0.14
LLaMa3-LLM1 0.23±0.24
LLaMa3-LLM2 0.25±0.24
Gemma3-LLM1 0.28±0.25
Gemma3-LLM2 0.30±0.26

Table 7: Jaccard Similarity regarding the combined
human-annotated rationales for the hate speech class.

6 Conclusion and Future Work

We presented an unsupervised, performance-based
approach for evaluating explanation faithfulness
in Portuguese hate speech classification. Results
demonstrate that performance degradation follow-
ing the removal of explanatory keywords provides
a meaningful proxy for faithfulness, particularly
when compared against random-removal baselines.

Experiments on the HateBRXplain dataset
demonstrated that formal XAI methods, e.g. SHAP
and LIME, consistently identify more faithful
features than manually annotated rationales or
LLM-generated explanations and simple keyword-
removal strategies like Top-K and weight-based
approaches proved effective.

Our analysis highlights a divergence between
plausibility and faithfulness, as high-impact ap-
proaches did not consistently correlate with human
rationales. In addition, LLM-generated explana-
tions tended to focus on content words and exhib-
ited limited faithfulness under performance-based
evaluation, suggesting unreliability as explainers.

Overall, this work underscores the need for stan-
dardised, unsupervised evaluation protocols for ex-
planation faithfulness and contributes empirical ev-
idence on the limitations and strengths of current
explanation methods.

Future work includes: (i) exploring more XAI
models; (ii) comparing proprietary versus open-
source LLMs of varying scales; (iii) testing key-
word selection through semantic, e.g., antonym
replacement; and (iv), integrating Part-of-Speech
tagging to enhance the linguistic analysis.
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Limitations

This work presents some limitations, part of which
are derived from the data available, and its for-
mat, reinforcing the importance of developing more
resources for XAI research, particularly in Por-
tuguese.

The comments in the data are short with approx-
imately 1 sentence and 12-15 words per comment,
which inherently makes each word more impor-
tant. Moreover, there are only human-annotated
rationales for one of the classes, which limits some
of the analysis performed, but does not affect our
approach, due to its unsupervised nature.

Whereas the methodology is generalisable, the
experiments are conducted on a single task and
dataset. To make the findings more robust, more
tasks and domains should be explored. Further-
more, to ensure a rich explanation quality analy-
sis, other metrics can be added, e.g., consistency,
completeness, as explainability is a multi-faceted
concept.
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