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ABSTRACT Among the existing eXplainable Al (XAI) approaches, Feature Attribution methods are a
popular option due to their interpretable nature. However, each method leads to a different solution, thus
introducing uncertainty regarding their reliability and coherence with respect to the underlying model.
This work introduces TextFocus, a metric for evaluating the faithfulness of Feature Attribution methods
for Natural Language Processing (NLP) tasks involving classification. To address the absence of ground
truth explanations for such methods, we introduce the concept of textual mosaics. A mosaic is composed
of a combination of sentences belonging to different classes, which provides an implicit ground truth for
attribution. The accuracy of explanations can be then evaluated by comparing feature attribution scores with
the known class labels in the mosaic. The performance of six feature attribution methods is systematically
compared on three sentence classification tasks by using TextFocus, with Integrated Gradients being the best
overall method in terms of faithfulness and computational requirements. The proposed methodology fills a
gap in NLP evaluation, by providing an objective way to assess Feature Attribution methods while finding
their optimal parameters.

INDEX TERMS Artificial intelligence (Al), explainable AI (XAI), trustworthy Al, explanation faithfulness,
feature attribution, feature importance, natural language processing (NLP).

I. INTRODUCTION

Many Artificial Intelligence (AI) systems today are still
black boxes, meaning that their inner workings are poorly
understood and difficult to explain. This lack of transparency
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and understanding can lead to distrust in these systems and
their outputs, which is why eXplainable AI (XAI) has become
an important research area [1], [2], [3].

The main goal in XAI is to make Al systems more
interpretable and explainable, and in this context Feature
Attribution methods provide the target audience with a
prominent class of explanations. Feature Attribution methods
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can help to measure the understandability of models [4], find
biases [5], debug model behaviours and uncover shortcuts [6],
etc. There are many Feature Attribution methods, and it is not
trivial to compare them since there is no ground truth for the
correct explanations, and thus no way of assessing whether a
method is working correctly or not.

To address this issue, XAl evaluation metrics are nec-
essary, yet confusion arises when distinguishing between
faithfulness (i.e., accuracy of the explanation to the model’s
reasoning) and plausibility (i.e., how convincing the expla-
nation is to humans) [7]. Unfortunately, there is no metric
to quantitatively evaluate the faithfulness of XAl methods
in Natural Language Processing (NLP) without relying on
humans.

Judging the faithfulness of a model’s decisions to the
actual data is difficult for humans, as they often lack a
comprehensive understanding of the model’s intricate inner
workings. Even if a human-provided explanation might seem
reasonable, it may not faithfully reflect the model’s actual
processes. This means that any human evaluation of an
explanation would be based on its plausibility rather than
its faithfulness. This is a risky undertaking, as plausible but
incorrect explanations can be used to mislead and manipulate
behaviour [8]. On the other hand, an implausible explanation
is still useful to diagnose model behaviour as long as it is
faithful to that behaviour.

Before assessing the plausibility of an explanation, it is
crucial to ensure the faithfulness of the underlying process.
While human evaluation is important as humans are the end
users, faithfulness must be the first priority. Additionally,
using human feedback for evaluating explanations can
be expensive, time-consuming, and difficult to reproduce
consistently [9].

A. MAIN CONTRIBUTIONS
In this paper, we propose a novel fully automatic data-driven
approach to assessing faithfulness. This approach is cost-
effective, fast, and easily reproducible, making it a more
efficient and reliable option for evaluating the faithfulness
of XAI explanations. The focus lies in determining how
well explanations generated by Feature Attribution methods
align with known elements in the input that correspond
to specific classes. In doing so, we also investigate how
different choices of hyperparameters affect the faithfulness
of these methods. The framework aids in both selecting
optimal hyperparameters and evaluating the faithfulness
of XAI methods, contributing to more transparent and
trustworthy Al systems. The main contributions of this work
are:
1) We introduce an automatic way of assessing the
faithfulness of XAI methods specifically for NLP tasks.
2) We provide a comprehensive benchmark of six XAI
methods, including different variants where applicable,
across three distinct sentence classification tasks.
The rest of the manuscript is organized as follows.
Section II outlines related work. Section III goes in depth
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with the proposal of the new metric. Section IV describes
the experimental setting. Section V introduces some sanity
checks. Section VI presents and discusses the experimental
results. Section VII summarizes some limitations of the
proposal. Finally, concluding remarks and future work are
pointed out in Section VIII.

Il. RELATED WORK

Despite the common use of deep learning models in the
Computer Vision (CV) and NLP fields, techniques for
evaluating the faithfulness of XAl methods differ.

Let us first categorize the evaluation methods into two
types: categorical and numerical evaluations. Categorical
evaluations involve axioms that explainability methods must
fulfil (e.g., Completeness or Implementation Invariance
Sensitivity [10]). Numerical evaluations enable instead the
ranking of Feature Attribution methods according to a
given desirable property. Randomization tests, for example,
measure the difference between the explanation obtained
with a randomized and non-randomized model [11], or the
difference between the explanation of the correct class and
the explanation for a random class [12].

Some other methods try to measure the faithfulness of
an XAI method to the model’s behaviour, by perturbing
the input according to their explanation and then examining
output variations [13], [14], [15], [16]. While in CV such
perturbations often take the form of pixel manipulations,
similar methods are used in NLP by manipulating (e.g.,
replacing, deleting or zeroing the embeddings of) tokens [17],
[18], [19], [20]. However, these modifications quickly
generate instances that are mostly outside of the original data
distribution. In some cases, they result in infelicitous strings
(e.g., a sentence without a verb).

In order to avoid the Out-of-Distribution (OOD) problem,
a variation is proposed by [21], where instead of deleting
the tokens corresponding to OOD words or zeroing their
embeddings, they are sampled from a distribution inferred by
a Masked Language Model, e.g., BERT [22]. However, since
these models only expect a part of the input to be masked, the
re-sampling is performed on up to 20% of the total number
of tokens.

Rather than changing the original instances in the dataset,
Zhang et al. [23] proposed, in the CV domain, a ‘“Pointing
game” where a human labeler identifies a specific region of
the image and measures how much the explanation matches
the annotation. This technique was later adapted to the NLP
domain [24], [25]. While this technique overcomes the lack
of ground truth, this assumption may not always align with
the model’s prediction process. Consequently, this approach
is more suited for evaluating plausibility (i.e., how much it
resonates with human intuition) rather than the faithfulness
of the explanation (i.e., how much it is true to the actual
computation). Indeed, it has been shown that models can rely
on patterns or artifacts in the data that humans could miss.
For example Ribeiro et al. [26] noted that an image classifier
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FIGURE 1. Example of the structure of two text mosaics. The first row corresponds to a mosaic of length two, that is, composed of two sentences. The
second row corresponds to a mosaic of length four. In both cases, the target class’s sentences are highlighted in yellow.

trained on distinguishing husky vs wolf was not focusing
on the region corresponding to the animal, but rather on the
snow present in the background of the picture. In this case
a pointing game would have assigned a very low score to
a faithful explainer (i.e., one that would point to the snow
as an evidence). In order to overcome this limitation, the
approach by Arias-Duart et al. [27] relaxed the assumption
of the pointing game with a construction that by design
excluded the human involvement in the ‘pointing’ definition.
To do this, they created an image mosaic: a composite grid
of images where half belong to a target class and the other
half to various other classes. These images are randomly
selected, ensuring a diverse representation, yet they are not
resized. The primary assumption is that when such a mosaic
contains images from both target and non-target classes,
the model’s positive attributions — meaning the degree to
which the model attributes parts of the image to the target
class — should predominantly appear on the images that
actually belong to the target class. This is a more relaxed
assumption of the pointing game, as it is not stating precisely
a ‘segmentation mask’ of the ideal explanation, it is just
stating that the evidence should fall on the specific parts of
the mosaics (which we know by construction, rather than
by human annotation). By constructing this ground truth, the
faithfulness of Feature Attribution methods can be measured
by analysing the attributions’ location.

As we will see in the next section, we draw inspiration from
the previous work and propose a novel metric (TextFocus)
to assess the faithfulness of Feature Attribution methods
for NLP.

Ill. METHODOLOGY

In this section we describe how the so-called Textual Mosaics
(see Section III-A) are used to compute the TextFocus score
(see Section I1I-B).

A. TEXTUAL MOSAICS

We focus on text classification tasks. Thus, we have a list of
sentences, with each one having a single label (e.g., negative
or positive, offensive or non-offensive). Using a subset of
these sentences, we build what we call textual mosaics.

A textual mosaic is a string composed of N sentences, with
half belonging to the target class A, and the other half to other
classes. The target class is the one that the Feature Attribution
method is requested to explain. For each mosaic, we first
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FIGURE 2. Attributions for a textual mosaic of size 4, with sentences in
the target class highlighted in yellow. Sentences are divided by a dashed
line, and attributions are color-coded by sentence. Attributions on the
right favour the target class (in this case the negative class) and
attributions on the left go against the target class.

randomly sample N/2 sentences from the target class, then
randomly select N/2 sentences from the other classes. The
sentences in the textual mosaic are then arranged in random
order. Each sentence is separated by a [SEP] token, with
the mosaic beginning with a [CLS] token and ending with a
[SEP] token. We chose to use this construction to align with
the input expected by many widely-used pretrained language
models. Figure 1 illustrates two examples of text mosaic
configurations; in the first row, one sentence corresponds to
the target class (sentence 1) and the other to a non-target class
(sentence 2). The second row shows a text mosaic of length
four, with two sentences of the target class (sentences 1 and
4) and two of a non-target class (sentences 2 and 3).

An actual example of a mosaic of size N = 4, from a
sentiment analysis task, is shown in Figure 2. The two target
class sentences are highlighted in yellow (see the top part
of the picture). Each token is displayed in order from top
to bottom and each sentence is separated from the next by
a dashed line. Bars are used to represent token attributions:
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positive attributions (which favour the target class) are on the
right side, while negative attributions (which go against the
target class) are on the left. Finally, each token is also assigned
a distinct colour, indicating the sentence to which it belongs.

The construction of the textual mosaic gives us the
possibility of making the following key assumptions, which
this work builds upon:

« Evidence for the target class should lie somewhere in the
target class sentences, but not on the others.

« Evidence against the target class should be found in
sentences not belonging to the target class.

When constructing the mosaics, we deliberately use
validation data for which the model’s prediction aligns with
the true label. By doing so, we can be more confident that
the model has indeed detected some form of ‘evidence’
supporting its classification. This focused approach serves
to minimize confounding factors, thereby enabling a more
accurate evaluation of the capabilities of XAI methods to
identify and localise this ‘evidence’.

This is done with the intention of having a more clean
measurement of faithfulness, in virtue of dropping those
data points where the model gets confused and might find
evidence for other classes. This behaviour would jeopardise
our measurement of faithfulness, as the evidence the model
finds might be not related to the label provided by the dataset.

B. A QUANTITATIVE METRIC: TEXTFOCUS

We need a quantitative metric to measure how accurately an
XAI method is able to correctly assign positive attributions
to features of a sample of the target class, and negative
attributions to features of samples in the non-target classes.

One key distinction between textual mosaics and image
mosaics is that the former has a variable number of tokens,
unlike the latter, which typically has a fixed number of pixels.
To prevent our metric from being affected by sentence length,
we normalize the attribution for each sentence by its length.
In addition, when computing fextual mosaics, we disregard
the effect of special tokens such as [SEP] and [CLS],
because they are structural placeholders in the mosaic.

More formally, let S; be the set of tokens in sentence i of
the mosaic, with j being the token index not including special
tokens. «; j is the attribution of token j in sentence 7 according
to some XAI method. We define M as the set of sentences of
the whole mosaic, with |[M| = N, and C C M the set of
sentences belonging to the target class.

A principled way of identifying True Positives (7P), False
Positives (FP), True Negatives (TN), and False Negatives
(FN) from mosaic constructions is provided by [28]. This
allows us to adapt metrics from the classification literature
to the evaluation of Feature Attribution methods. More
formally:

' > max(0, & )
Pi=2, 111l %

ieC
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Zj max(O, Ot,',j)

FP := 2
ie;\c ISl
TN = Z ZJ min(O, Oli’j) (3)
LIS
FN = 2, min(0. i) ()
L
The TextFocus score can then be computed as:
TP + TN
TextFocus(M) := + 5)

TP+ TN + FP + FN

This way, TextFocus gives us a measure of the overall accu-
racy of an XAl attribution method in NLP by calculating the
proportion of the correctly attributed importance, considering
both target and non-target class sentences, in relation to the
total attributions of the entire mosaic.

Accordingly, we can assess the faithfulness of different
attribution methods, compare their performance, and evaluate
the impact of different hyperparameter choices on this score.

IV. EXPERIMENTAL SETTING

As a proof of concept, we will use TextFocus for evaluating
six different Feature Attribution methods (see Section IV-A).
To do so, we will consider the datasets and models which are
briefly introduced in Section IV-B.

A. FEATURE ATTRIBUTION EXPLANATION TECHNIQUES
We implemented the six evaluated methods using Captum.!
Some of them require computing the gradients with respect
to the input. However, since NLP models take discrete,
non-differentiable tokens as input, instead of computing the
gradients with respect to the input, we compute the gradients
with respect to the token embeddings. The evaluated methods
are the following:

o Gradient: This method uses the gradients of the inputs
computed with respect to the target class, as Feature
Attribution map. The technique was first used to explain
predictions in CV by [29]. We aggregate attributions on
a token embedding using the mean, allowing for both
positive and negative attributions, in contrast to the 1.2
or L1 norms employed in other contexts [30], [31].

o Gradient X Activation: This method consists in
multiplying the result of the gradient by the input
activation [32].

o Integrated Gradients (IG): This method computes the
integral of gradients along the straight line joining a
baseline x’ and the input x in the input space [10].
The approximation of the integral is made by summing
up all the steps from the baseline x’ to input x.
This technique is based on Aumann-Shapley values,
a game-theoretic approach to cost-sharing found in the
economics literature [33].

1 https://captum.ai/
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o DeepLIFT: [34] assigns relevance with respect to a
baseline by backpropagating a relevance score via the
Rescale Rule. We use the gradient formulation proposed
by [35].

o Gradient SHAP: This method adds Gaussian noise to
each input sample multiple times and each time selects
a random point along the path between the baseline
and the input. It computes the gradient of outputs with
respect to those selected points, and the final SHAP
values represent the expected value of the gradients
multiplied by the difference between the inputs and
baselines. SHAP values are approximated under the
assumption that input features are independent and that
the explanation model is linear between the inputs and
the given baselines. However, these assumptions can
be challenged when this method is applied to language
tokens. The implementation adopted here is inspired by
the work of [36] and follows the implementation of the
SHAP package.”

o LIME [26]: This method produces Local Interpretable
Model-agnostic Explanations. To do so, it generates
perturbed instances of the original dataset by deleting
random tokens from the instance to be explained. These
new instances and their predictions are used to train a
linear model which approximates locally the original
model. Importantly, when fitting the linear model,
each sample is weighted in proportion to its cosine
similarity to the original instance, as computed using the
model’s embedding. The coefficients of the linear model
comprise the final attribution scores.

Some of these methods (i.e., IG, DeepLIFT, and Gradient
SHAP) fulfill the Sum-to-Zero property (also called Com-
pleteness in [10] and [35]), which states that the attributions
of the method «; have to sum up to the difference between
the value of the function f of the input x and the baseline,
namely:

fx) = f(baseline) = D o (6)
j

This property can be used to assess a necessary condition
for the convergence of the method, i.e., computing the
absolute convergence error § as follows:

§ = (flinput] — fbaseline]) — Zaj 7)

J
And then the relative percentage error is:

8 * 100
(flinput] — f[baseline])

Accordingly, to ensure accuracy and fair comparison
between methods, we iteratively increase the number of
steps/samples until the ErrorPerc is under a fixed threshold
(in our experiment 1%). It is important to note that a small §

ErrorPerc :=

®)

2https:// github.com/shap/shap
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does not guarantee a correct solution; it is a necessary, yet not
sufficient, condition to be met.

In addition, it is worth noting that some of these methods
require baselines for their computation. Ideally, the baseline
should represent a reference input whose ““signal” is absent,
so that it can be compared to the input being analysed. While
in CV those baselines are usually black images (where all
the pixel values set to 0), in NLP a zero input embedding
is meaningless. Therefore, in this domain, different types of
special tokens (i.e., [PAD], [MASK], [UNK], [SEP] or
[CLS]) can be used as baselines.

Since the choice of the baseline can affect the output and
performance of the Feature Attribution method [6], we will
evaluate the performance of each method according to the
considered baselines. Notice that we will delve deeper into
this issue later in Section VI-A.

B. DATASETS AND MODELS

In the experiments, we will concentrate on the task of
text classification. We will use three models based on
DistilBERT [37]. Each model is fine-tuned for the following
datasets:

o Standfod Stentiment (SST-2) is a binary sentiment
classification dataset containing parts of movie reviews
(with a mean length of about 20 tokens) excerpted from
rottentomatoes.com and labelled on Amazon
Mechanical Turk [38]. The SST-2 dataset is composed
of 11,855 sentences labeled as positive or negative.

« Internet Movie Database (IMDB) [39] is also a binary
sentiment classification dataset of highly popular movie
reviews collected from imdb . com. The dataset consists
of a total of 50k sentences, half of which are for training
and half for testing. The length of the IMDB sentences
is much greater than the SST-2 sentences (mean length
of about 300 tokens).

« Emotion [40] is a multi-class classification dataset of
20k English tweets scraped from Twitter and labeled
with six basic emotions: anger, fear, joy, love, sadness
and surprise.

DistilBERT models fine-tuned for each task are found in
the official repository of HuggingFace>* > The SST-2 model
reaches an accuracy of 98.9% on the test set, while the IMDB
model reaches an accuracy of 92.8%. On Emotion, the model
has an accuracy of 92.5%.

For the SST-2 and Emotion datasets we use mosaics with
N = 4, similar to [27], since larger sizes would result
in higher computational complexity and memory demands.
However, for the IMDB mosaics, we use N = 2. This
is due to the input size limitation of DistilBERT, which is
of 512 tokens. In order to prevent truncating the sentence
(and thus potentially losing information), when constructing

3https://huggingface.co/distilbf;trt-base-uncased-finetuned-sst-2-english
4https ://huggingface.co/lvwerra/distilbert-imdb

5 https://huggingface.co/sabre-code/distilbert-base-uncased-finetuned-
emotion
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FIGURE 3. Histogram of TextFocus scores obtained with IG using a
trained model (blue) and a randomized model (orange) on 2k textual
mosaics on SST-2.

textual mosaics from IMDB we select sentences with lengths
of less than 256 tokens.

V. SANITY CHECKS
We performed several sanity checks to assess the overall
robustness of the mosaic design for TextFocus.

A. RANDOMIZATION TEST

First of all, we analyse the behaviour of TextFocus when
applied to a random model. With a randomly initialised
model, we expect an XAI method to compute token
attributions which are unrelated to the labels, since the
model has not been trained to make associations between
input tokens and output labels. So, we would expect
attributions from the random model to be distributed
randomly.

We computed the TextFocus distribution on 2k text mosaics
from SST-2 with the Integrated Gradients (IG) method
and an [UNK] token as a baseline. Figure 3 shows the
evaluation of two models: randomized (orange; centre of
the picture) and non-randomized (blue; right-hand side of
the picture). The latter corresponds to the one introduced
in Section IV-B.

The random model produces a normal distribution centered
around 0.51. The results suggest that, as expected, the
model relies on patterns that are not localised according to
the data labels. On the other hand, the average TextFocus
score of the trained model is 0.91, which indicates that the
Feature Attribution method is able to successfully assign the
majority of attributions to the correct tokens within mosaic
sentences.
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FIGURE 4. The impact of evaluating TextFocus on the data predicted
correctly vs incorrectly. On the data points where the model agrees with
the label we have a more clean measurement of TextFocus. Data
extracted from analysing 1600 mosaics on the Emotion dataset.

B. CORRECT LABELS VERSUS WRONG LABELS

In the construction of the textual mosaic we select those
data points whose prediction agrees with the provided label.
In order to check what is the effect of this step we set
up a simple experiment on the Emotion dataset where we
do the opposite: we evaluate TextFocus on those validation
points whose prediction is different from the dataset label.
As illustrated in Figure 4, the scores are significantly high,
indicating that there is some correct evidence found by the
XAI methods in the mistaken predictions. More importantly,
we can see that the distribution of TextFocus on the correct
sentences (i.e., where the model agrees with the dataset label)
is higher than the distribution of TextFocus on the wrong
sentences (i.e., where the model disagrees with the dataset
label). The variance on the correct labels is also smaller,
indicating a more precise measurement.

C. ASSESSMENT OF THE IMPACT OF MOSAIC STRUCTURE
One natural question that arises in the construction of textual
mosaics is whether the way we build these mosaics influences
the explanation of the model classifications, particularly
when compared to analysing the sentences individually.
We explored this using mosaics of length n, made by
repeating the same sentence n times.

We study the order of the tokens in the mosaic as a possible
confounding factor. In particular, if the position k of the token
in the sentence j, affects its feature attribution aj, then we
should observe a different attribution a4 for the same token
in a different position.

To validate this, we introduce Sentence Attribution Sta-
bility (SAS) and rank each token within a mosaic sentence
by its attribution. Comparisons are made using Rank Biased
Overlap (RBO), akin to the approach in [41]. The details
about SAS definition and implementation are given with
Algorithm 1.
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Distribution of Sentence Attribution Stabiliy by Mosaic Size on 1000 Sentences from SST-2
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FIGURE 5. Distribution of SAS scores across mosaic sizes and separator tokens. Higher scores indicate better attribution stability. The consistently
high average underscores the robustness of our methodology, irrespective of mosaic design choices.

Algorithm 1 Sentence Attribution Stability (SAS)

1: Initialize an empty list: sorted_sentences = []
2: Initialize an empty list: distances = []
3: for each (sentence, attribution) in

(sentences, attributions) do
4:  Replace tokens in the sentence with unique numeric
identifiers
Create tuples (numeric_token, attribution)
Sort tuples by attribution in descending order

Append sorted numeric tokens to
sorted_sentences
8: end for

9: Define Pairs as all unique combinations of indices (i, j)
for sorted_sentences
10: for each unique pair (i, j) in Pairs do
11:  rbo=RBO(sorted_sentences[i],
sorted_sentences[J])
12:  Appendrbo to distances
13: end for
14: SAS = (%2) x > distances

The idea behind SAS is to measure how the importance of
tokens fluctuates when the same sentence appears in different
positions of the mosaic. The algorithm sorts the tokens in
each sentence by their importance scores and then compares
these sorted lists. If the importance rankings of tokens change
noticeably depending on their mosaic position, this variation
will be captured by the SAS score.

We perform this experiment using 1,000 SST-2 sentences,
DistilBERT and Integrated Gradients with an [UNK] base-
line. As illustrated in Figure 5, our sanity check is supported
by the notably high distribution of SAS scores (around
0.9) that remains consistent across different mosaic sizes.
The reduced variance with increasing mosaic size is likely
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attributable to the increased stability from more pairwise
comparisons. Intriguingly, the mosaic’s structure remains
robust irrespective of the mosaic separator token chosen,
though there’s a higher score for the [SEP] token.

VL. RESULTS

In this section, we discuss the results obtained from the
evaluation of the different explainability methods. First,
we study the role of the choice of baselines on the methods’
performance (see Section VI-A). Then, we use TextFocus
to assess the Feature Attribution methods, shedding light
on the most faithful XAI methods and discussing the
trade-off between the performance and execution time (see
Section VI-B). For the sake of reproducibility, and in
accordance with guidelines for developing responsible Al,
we share the code to replicate these experiments.®

A. THE IMPACT OF THE BASELINE CHOICE
In this experiment, we analysed the effect on the performance
of the Feature Attribution methods, depending on the tokens
chosen to construct baselines. To conduct this evaluation,
we use the three explainability methods requiring baselines
(i.e., IG, DeepLIFT, and Gradient SHAP). A good baseline
should represent the absence of a signal. BERT-like mod-
els [22] provide a natural choice for a baseline using special
tokens such as [MASK], [PAD], or [UNK]. For the sake
of completeness, we also tried [CLS] and [SEP]. Figure 6
shows the results of this experiment for each dataset: Emotion
(on the left), SST-2 (on the center), IMDB (on the right). Each
colour corresponds to a different Feature Attribution method.
Interestingly, IG performs quite well across all the
baselines. However, one can observe a higher mean and
smaller standard deviation of the scores for the [UNK] token.

6The experiments were run on a Al00 Nvidia GPU. The data
and code needed for reproducing the experiments are available at
https://gitlab.nl4xai.eu/ettore.mariotti/TextFocus
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FIGURE 6. TextFocus distribution for the three methods requiring baselines (i.e., Gradient SHAP, IG and DeepLIFT). Each method is depicted with a
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FIGURE 7. TextFocus score distributions for the seven methods benchmarked, obtained from the evaluations of 1202 mosaics on Emotion (left side),
1746 mosaics on SST-2 (center) and 7014 mosaics on IMDB (right side). The baselines used for the methods requiring them are specified in square
brackets. The similarity between the results (e.g., the rank is preserved) additionally suggests that choosing N = 2 or N = 4 does not significantly

impact the results.

On the other hand, the results of our study suggest that
both DeepLIFT and Gradient SHAP often exhibit behaviour
that appears random, making it difficult to identify a baseline
that performs better than the others. For our next experiments,
we have chosen to use the [MASK] token as the baseline for
both DeepLIFT and Gradient SHAP, as it yielded the highest
scores on average.

B. BENCHMARKING FEATURE ATTRIBUTION METHODS

We benchmark the six Feature Attribution methods intro-
duced in Section IV-A: Gradient, Gradient X Activation, IG,
DeepLIFT, Gradient SHAP, and LIME. For each method
requiring a baseline, we pick the special token obtaining the
best results on average in Section VI-A, that is, the [UNK]
token for IG, [MASK] for Gradient SHAP and DeepLIFT.
‘We run this evaluation on both DistilBERT models introduced
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in Section I'V-B. For each mosaic, we compute TextFocus for
all target classes. We analyse a total of 1,746 mosaics of size
N = 4 for the SST-2 dataset, 1,202 mosaics of size N = 4 for
the emotion dataset and 7,014 mosaics of size N = 2 for the
IMDB dataset (see Section IV-B for further details). Those
results are shown in Figure 7.

IG, using the [UNK] token as a baseline, gets consistently
good results in all the experiments: obtaining a high mean
TextFocus of 0.918 in the SST-2 case, a mean TextFocus
of 0.830 in the IMDB experiment, and a mean of 0.943 in
the Emotion experiment. The second best method is LIME,
getting a mean TextFocus 0.902 in the SST-2 dataset, 0.852 in
the IMDB case, and 0.845 in the Emotion dataset. On the
other hand, Gradient SHAP, DeepLift, Gradient X Activation
and Gradient obtained scores that are very similar to chance
behaviour, with a mean accuracy around 0.5 in all the
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FIGURE 8. Standard Deviation of TextFocus scores over 1000 synthetic
mosaics, as a function of A (the average sentence length).

configurations in which we tested them. Therefore, IG and
LIME turn up as methods able to assign more than 50% of the
attribution to the correct sentences of the mosaic. According
to these experiments, the 7TextFocus results are consistent
across all datasets. It’s worth noting that LIME’s reliance on
random token sampling and lasso regularization often leads
to reproducibility issues. When applying LIME with the same
model and the same input data in different runs, inconsistent
attributions are common. This inconsistency arises because
computational constraints limit the random sampling, and
lasso regularization can cause different tokens to be deemed
important in different runs, minimizing the importance of
others.

It is worth noting that Figure 7 shows how some methods
that behave in a random-like manner (e.g., DeepLIFT,
Gradient SHAP, Gradient X Activation, and Gradient 1.2)
exhibit smaller variance on the IMDB dataset compared to
the Emotion or SST-2 datasets. To investigate this further,
we generated artificial mosaics with N = 4, where
the length of each sentence is modeled using a Poisson
distribution with mean A. Assuming that the attributions
from a random model follow a normal distribution centered
at 0, we computed TextFocus for these synthetic attributions.
After calculating TextFocus for these artificial attributions,
we observed that the final TextFocus definition followed a
Normal-like distribution centered at 0.5, with a standard
deviation inversely proportional to A (see Figure 8). Thus,
we can conclude that longer sentence lengths lead to reduced
variance.

VII. LIMITATIONS

TextFocus scores may be affected by two main factors:
shared evidence when a non-target-class label in the same
mosaic contains evidence of the target class (imagine a
movie review that is overall positive but critical in some
parts), and missing evidence when no evidence of the target
class is found in the sub-mosaics labelled with it (e.g.,
mislabeled sentences). These issues may stem from the data’s
inherent properties (e.g., spurious correlations). While this
may cause inconveniences when using TextFocus to measure
the Feature Attribution methods faithfulness, it can be an
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effective method for understanding how and why a model is
confused. Similarly to how mosaics together with the Focus
metric can uncover bias in vision models [5], future work
could also use textual mosaics and TextFocus to discover
unknown biases in NLP tasks.

We also performed an experiment to analyse whether the
interaction between sentences of different classes within a
mosaic affects the Feature Attributions, which may lead us
to misleading conclusions. We swap the order of sentences
within a mosaic without observing significant changes in
the result. Even so, to mitigate this possible artifact, for
every mosaic we randomize the position of the target class
sentences.

VIil. CONCLUSION AND FUTURE WORK

We introduced and tested TextFocus as a new score to assess
the faithfulness of Feature Attribution methods in NLP.
Of the six XAl methods evaluated, Gradient, Gradient SHAP,
DeepLIFT and Gradient X Activation show a behaviour close
to random.

IG with [UNK] baseline is the method achieving the best
performance according to TextFocus. LIME also provides
reliable explanations. Yet an inherent characteristic of the
LIME method that should be taken into account is that despite
obtaining reliable explanations, it is not deterministic. That
is, depending on the tokens that are removed during the
computation, the explanation may be slightly different. This
feature may not be a disadvantage for some applications, but
could be undesirable for others (e.g., applications requiring
high reproducibility).

An interesting avenue for future work would be to include
TextFocus in the benchmarks provided by the paper and
GitHub repository of [42]. By incorporating TextFocus, the
diversity of evaluation methods could be enhanced, providing
a more comprehensive understanding of the performance
characteristics of different XAl approaches.

We also plan to extend TextFocus to encoder-decoder and
decoder-only generative models. We also believe that our
findings could be extrapolated to more complex challenges
such as Language Generation or Question & Answering.
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