© o N O O~ W N =

29

30
31
32
33
34
35
36
37
38
39
40

Groundless Faithfulness: Structural Shortcomings of Explainable AI Evaluation
Metrics for Feature Importance

Marco Zullich! , Emily Schiller?? , Ivan Gentile*, David Dembinsky®°
Adriano Lucieri®, Kilian Goéller”, Steffen Seitz"®
ITU Delft, 2XITASO GmbH, ®University College Cork, “IFAB Foundation, "RPTU University
Kaiserslautern-Landau, DFKI, “"TU Dresden, 8SECAI

All authors in no particular order.
Correspondence: m.zullich@tudelft.nl

Abstract

Explainable Artificial Intelligence (XAI) tools have
often been presented as methods to increase trust
in machine learning models by making aspects
of their algorithms more human-understandable.
However, evidence accumulated over the last
decade points to an overall failure of this objective,
instead promoting overreliance on incorrect predic-
tions, which can subsequently lead to algorithmic
aversion. Rather, XAl appears to function primar-
ily as a debugging tool, useful for obtaining anec-
dotal insights into, for example, features learned
by the model. One of the main issues underly-
ing this limitation is that XAl methods often over-
simplify the inner workings of the model, resulting
in misalignment between the explanation and the
model itself—a behavior referred to as unfaithful-
ness or infidelity. Faithfulness can be interpreted
as the degree of approximation between an expla-
nation and the model. Computing faithfulness in
a rigorous manner would thus make it possible to
quantify one of the various elements of trustworthi-
ness of an explanation. However, existing metrics
present significant limitations, making this quantifi-
cation either infeasible or computationally expen-
sive. In this position paper, we outline five ma-
jor shortcomings of current faithfulness metrics and
propose four possible avenues for research to bol-
ster their reliability.

1 Introduction

With the increasing power of artificial intelligence (Al)
models, their internal algorithmic processes have become
more difficult to interpret, as exemplified in the notorious
interpretability-accuracy trade-off [James er al., 2021]. This
opacity conflicts with transparency requirements such as
the GDPR “Right to Explanation” [Goodman and Flaxman,
2017]. Explainable AI (XAI) has emerged as a field to en-
able transparency of black-box models by providing explana-
tions that simplify black-box models for human understand-
ing. Haufe et al. [2026] indicate ideal goals of XAI, including
the recognition of model and data diagnostics (i.e., discover-

ing incorrect model behaviors, such as “Clever Hans effects”
[Lapuschkin er al., 2019], or bias in datasets), the discovery
of unknown relationships between variables, and the identifi-
cation of intervention targets for modifying said relationships.
However, evidence from roughly ten years of XAI research
shows these tools often fall short on these promises, as re-
cently discussed by Afroogh er al. [2026]. Beyond highlight-
ing misalignment in explanation recipients, they report that
XAI can foster user overreliance on incorrect Al predictions
that would otherwise be questioned. In safety-critical appli-
cations, this may cause serious consequences and potential
algorithmic aversion. Both Haufe et al. [2026] and Afroogh
et al. [2026] indicate infidelity (or unfaithfulness) of XAl out-
puts to the original model as a source of said downfalls.

However, these works do not examine the technical issues
of faithfulness metrics, nor explore faithfulness beyond fea-
ture importance (FI). In their survey on the evaluation of
XAI, Dembinsky et al. [2026] cite 19 faithfulness metrics,
applicable to different types of XAI: FI, concepts, example
explanations, white-box surrogates, and natural language ex-
planations. Faithfulness for FI is by far the type with the
most approaches, driven also by the fact that FI is currently
the most common XAl task [Saarela and Podgorelec, 2024].
Nevertheless, techniques for the computation of faithfulness,
which mostly rely on (iterative) feature removal, are prob-
lematic at best: they are unreliable—e.g., due to issues with
out-of-distribution (OoD) data, require arbitrary baselines, or
require re-training phases which alter the nature of the origi-
nal model. Some other fidelity metrics do not even measure
proper faithfulness, or conflate it with other XAl properties.
This unreliability raises the question whether FIs can be truly
considered unfaithful, or whether faithfulness metrics them-
selves are dubious.

In this position paper, we analyze recent studies on faithful-
ness metric unreliability, arguing that modern XAl should pri-
oritize more trustworthy approaches. The field should move
beyond established but unreliable metrics like pixel flipping
[Bach et al., 2015] and remove-and-retrain (ROAR) [Hooker
et al., 2019] toward techniques considering (i) what is the
real goal behind faithfulness, (ii) the model’s uncertainty es-
timation (UE) capabilities, and (iii) expected properties of FI
coefficients with respect to model predictions. We conclude
with research avenues for advancing faithfulness evaluation
in FI, restricting our claims to this domain given the substan-
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tial available research.

2 Background

2.1 Feature Importance

FI is one of the foundational types of XAI [Dembinsky er al.,
2026]. Let us consider a model f : RY — Y, where ) is
the output space. We can define a FI technique as a mapping
e : RY — R whose output we term explanation. The FI
explanation provides a value (which we can term importance
coefficient or score) for each feature!, each value indicating
the importance of the feature in the model’s predictive dy-
namics. FI can be global (thus, the importance coefficients
are valid for the model as a whole) or local (i.e., the im-
portance scores are valid only for one specific point of the
input space). Importance scores with a high magnitude indi-
cate that the model relies greatly on the corresponding fea-
tures for outputting the prediction; the sign instead indicates
whether the feature contributes in increasing the model pre-
diction (if positive) or in decreasing it (if negative). Some
techniques might only present positive coefficients: for in-
stance Permutation Feature Importance [Fisher ef al., 2019]
only outputs importance in term of magnitude, while other
techniques, such as Grad-CAM [Selvaraju et al., 2020] sup-
presses negative importance scores for simplifying the inter-
pretation of the explanation. A faithful FI should correctly
indicate how important individual features are in the model’s
predictive dynamics. In the case of some FI techniques, such
as SHAP [Lundberg and Lee, 2017], this is often defined in
terms of feature removal: the deletion of an important fea-
ture (leaving the others intact) should cause a change in the
model prediction, and that this change should be proportional
to the importance coefficient. However, other tools, such as
gradient-based FI for neural networks just report (aggrega-
tions of) gradients as scores, without referring to feature re-
moval. FI can also be called feature attribution; when work-
ing with image data, these explanations can also be termed
(importance) heatmaps or saliency maps.

2.2 Evaluation of Feature Importance

According to Nauta et al. [2023], explanations can be eval-
uated from the perspectives of their content, their presenta-
tions, or their users. The assessment of the content can be
further grouped in different categories—alignment between
model and explanation (which the authors call correctness
and completeness and that overall makes up the faithfulness
[Dembinsky et al., 2026]), continuity (robustness) of the ex-
planation to perturbations (to input, output, or model), and
compactness, among others. The presentation point of view
assesses the mean through which the explanation is presented,
regardless of its content. The user viewpoint describes instead
the conditions (context, previous knowledge, etc.) in which
the user interacts with the explanation. A subgroup of the user
category worth mentioning is coherence, which other works

"For simplicity, we consider only FIs that generate one impor-
tance value per raw feature. This is not necessarily true, e.g., when
considering feature interaction [Fumagalli et al., 2023], supersets of
features [Ribeiro et al., 2016], or explanations in different domains
than the input’s [Mishra et al., 2020].

also call plausibility: the alignment between an explanation
and human prior knowledge.

Faithfulness in Feature Importance

Faithfulness (also called fidelity or correctness in the litera-
ture) describes how truthful the explanation is to the original
model f [Nauta er al., 2023]. For FI, this requires align-
ment between features the model truly considers important
and those the explanation identifies as important. In their
survey, Dembinsky et al. [2026] identify input perturbation
as the primary methodology for evaluating FI faithfulness.
The rationale follows from the feature removal considerations
presented in Section 2.1: perturbing (i.e., removing) impor-
tant features should substantially change model predictions,
with magnitude proportional to feature importance. The sign
should be the opposite of the sign of the FI output. The
authors distinguish between unguided and guided perturba-
tion approaches. Unguided approaches operate a perturbation
without considering the hierarchy dictated by the FI output.
Guided approaches, conversely, perturb a data point sequen-
tially targeting features by importance, either most-to-least
in most relevant first (MoRF) or least-to-most in least rel-
evant first (LeRF). Nauta ef al. [2023] additionally distin-
guish between incremental deletion or incremental addition
approaches: in the former, the features are sequentially per-
turbed starting from an unperturbed data point; in the latter
the initial data point is completely perturbed, and the origi-
nal features are revealed in MoRF or LeRF order. Plotting
model output versus perturbation iteration yields a perturba-
tion curve. In the case of classification, the model confidence
(probability value associated to the predicted class) is often
used as output in the plot. We showcase a possible example
for classification in Figure 1 —MOoRF removal causes a sharp
decrease in confidence at first, while removing less important
features has a small effect on the output; with LeRF removal
the confidence drops at an increasing rate, proportional to the
importance of features removed. We point out that the behav-
ior presented in Figure 1 is ideal—often, for reasons explored
in the next sections, the situation can be very noisy. Other fac-
tors, such as gradient starvation [Pezeshki et al., 2021], can
also modify the behavior of the curve: if multiple features are
associated with a given prediction, models may concentrate
originally only on a small subset of these. After perturba-
tion of important features, the models may shift the focus on
the other features, while still outputting the same prediction,
modifying the ideal scenario in Figure 1. To quantify faith-
fulness for an (f, e) pair, the technique is applied over n data
points and aggregated via:

i) Correlation-based metrics: compute the Pearson’s or
Spearman’s correlation, or Kendall’s 7, between the im-
portance of the perturbed features and the opposite of
the change in model prediction. A positive correlation
should be observed.

ii) Area-based metrics: plot the model prediction over the
importance of perturbed features and measure faithful-
ness as the area under the perturbation curve (AUPC)
or area over the perturbation curve (AOPC) (or a com-
bination of both [Knoll et al., 2025]). The metric can
be reported either absolute or normalized. Depending
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Figure 1: Example of possible perturbation curves obtained in a clas-
sification setting for an incremental deletion faithfulness evaluation.
The model starts by predicting a confidence value g for the pre-
dicted class on the unperturbed data. As more features are removed,
the model confidence drops until reaching a minimum g; when the
data point is completely perturbed. The curve depicted in blue shows
an optimal MoRF confidence trend, while the red curve is expected
to be attained for a LeRF perturbation.

on the approach adopted—incremental deletion versus
addition, MoRF versus LeRF—a highly faithful expla-
nation should lead to a normalized area value close to 1
or O (if the metric is normalized).

3 Issues with existing faithfulness metrics

3.1 Faithfulness computation is almost exclusively
operated on classification

Most of the literature on faithfulness computation is limited
to classification settings (e.g., [Bhatt er al., 2021; Zheng et
al., 2024]), while regression tasks remain insufficiently ad-
dressed. This limitation is not merely a gap in coverage but
reflects incompatibilities between metric design assumptions
and regression. Most metrics assume that removing (or in-
serting) important features should induce monotonic degra-
dation (or improvement) in model confidence, specifically
measured through classification scores [Samek et al., 2016]
such as softmax probabilities or logits. This assumption is
well-grounded in classification, where the relevant quantity,
class probability, is naturally bounded between 0 and 1, and
where degradation has a clear interpretation of decreased con-
fidence. In regression, the target quantity itself is ambiguous:
should faithfulness measure changes in the predicted value or
in deviation from the ground truth [Demetriou et al., 2025]?
These probe fundamentally different qualities. Because both
quantities are typically unbounded, normalization becomes
necessary but problematic: faithfulness scores become in-
comparable across datasets and even across instances within
the same dataset, undermining their utility as evaluation met-
rics. Additionally, perturbations may cause arbitrary shifts
in predictions without clear monotonic relationships, making
the “degradation” criterion ill-defined. Focusing on predic-
tion error conflates model accuracy with explanation quality,
measuring whether the model fails rather than whether the
explanation faithfully represents the model’s reasoning. Al-
together, the literature reflects a deep bias of faithfulness met-

rics for FI toward classification tasks that cannot be trivially
adapted to regression contexts.

3.2 Some faithfulness metrics conflate fidelity with
other properties of explanations

The very definition of faithfulness which we presented in
Section 2.2 is often misrepresented in some mainstream ap-
proaches for faithfulness computation presented in the liter-
ature. We first note that sometimes the term correctness is
confused for plausibility, as in the cases of Rony and Hassan
[2025], and Maathuis et al. [2026].

On a more foundational level, we notice that, addition-
ally, some metrics for faithfulness conflate faithfulness it-
self with the notion of plausibility. Since faithfulness is
aimed at measuring the alignment between the explanation
and the model, its evaluation should not depend on external
notions such as human-generated labels or ground-truth anno-
tations. In line with the observations on fidelity computation
from Jacovi and Goldberg [2020], we posit that faithfulness
should be assessed only on the basis of the model internals.
Similarly, Dembinsky et al. [2026] argue that ground-truth
dataset evaluation assesses faithfulness only when a uniquely
defined rationale can be assumed beyond reasonable doubt;
otherwise, it merely evaluates plausibility. However, some
highly-adopted approaches for faithfulness computation tar-
get changes in performance metrics of the model instead of
prediction values. This is the case, e.g., for ROAR [Hooker et
al., 2019] and ROAD [Rong et al., 2022]. ROAR and ROAD
measure faithfulness in terms of performance difference af-
ter perturbation (and re-training for the former). Measuring
faithfulness, e.g., in terms of accuracy drops is probing the
alignment between explanation and ground truth, not between
explanation and model.

Additionally, since ROAR requires a re-training of the
model on perturbed input, we posit that this metric is not
even assessing the quality of the explanations according to
the original model, but according to a new model, which can
be completely distinct in its internals from the original—an
issue which Dembinsky et al. [2026] call different contex-
tuality. For these reasons, we will avoid including ROAR
in future discussions, even though it is often cited as be-
ing a state-of-the-art faithfulness metric [Song er al., 2023;
Klein et al., 2024].

3.3 Perturbation as a stand-in for feature removal
requires arbitrary baselines

As stated in Section 2.2, perturbations are involved in the
faithfulness computation procedure as a stand-in for feature
removal, which is often impossible to reproduce with most
machine learning models unless a retraining procedure is op-
erated. The main problem with this methodology is that there
does not exist a single best solution for reproducing feature
removal—the baseline for this procedure is thus arbitrary and
it is thus impossible to define what perturbation would en-
code this missingness of information. The problem is equiva-
lent to the one faced by FI tools that work by feature removal,
the most important one being SHAP. Strumfels er al. [2020]
already ran an extensive study on the effect of the baseline
selection (constant baseline, blurring, random uniform and
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gaussian) for image-based FI generation, which led to the
conclusion of there not being a “best” solution. For what con-
cerns faithfulness computation, different approaches are pre-
sented in the literature and largely depend on the data type: in
image data, the most common approach is fixed imputation,
where a patch of a uniform color (e.g., white, gray, black, or
the dataset mean) is applied to the image to occlude impor-
tant features [Samek et al., 2016; Sundararajan et al., 20171,
other approaches use blurring or noising [Zheng er al., 2024]
or use generative models for image inpainting [Agarwal and
Nguyen, 2020]. For text data, hard token deletion can be
applied [DeYoung et al., 2020], or tokens can be replaced
with specific mask tokens [Atanasova et al., 2020], fixed em-
beddings (e.g., zero-embedding [Li ef al., 2016]) or with to-
kens generated by another language model [Kim ef al., 2020;
Wu et al., 2021]. In tabular data, common approaches in-
clude fixed imputation with a constant or marginal baseline
or noising.

3.4 Many perturbation-based approaches cause
OoD issues with models

Besides the difficulty with identifying what information miss-
ingness means for a specific model or type of data, the search
for good perturbation baselines is also driven by another no-
ticeable issue with artificial neural networks (ANNSs): their
overconfidence on OoD data. Indeed, these models have
been largely known to output random, overconfident predic-
tions when presented with data which are too distant from
their original training data distribution [Nguyen et al., 2015].
All the perturbation strategies insofar presented are some-
what sensitive to the OoD issue [Hase et al., 2021], and some
[Rong et al., 2022; Zheng et al., 2024] have specifically been
developed to tackle this problem. Another connected issue
is that classification ANNSs, unless explicitly trained on data
with missing information, or correctly calibrated on the un-
certainty profile [Guo et al., 20171, these models do not pos-
sess the ability to say “I do not know” (expressed as a flat out-
put distribution). The way the OoD issue reflects on the per-
turbation curve is the fact that the model response becomes
erratic, with highly-perturbed data often having a higher con-
fidence than the previous iterations. We display a real-life
example in Figure 4. However, the faithfulness metrics intro-
duced in Section 2.2 all work under the assumption that the
perturbation curve is monotonically decreasing, which clearly
conflicts from the “clean” examples from Figure 1.

The main approaches for combating the OoD issue in faith-
fulness are: (i) augmentative training [Hase et al., 2021] (inl-
cuding the F-fidelity framework [Zheng er al., 2024]), where
the training data is augmented by reproducing the perturba-
tion patterns used in the faithfulness assessment, and (ii) gen-
erative inpainting [Agarwal and Nguyen, 2020], where the
features are removed using an inpainting model that should
still produce feasible data. However, these two approaches
do not solve the problem: augmentative training only works
until a reasonable level of perturbation. High levels of per-
turbation will likely cause a complete erasing of the origi-
nal features, which, in the case of supervised learning, will
potentially force the model to learn an incorrect relation-
ship between data and response. This potentially causes
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Figure 2: Example of perturbation curves whose Spearman’s corre-
lation coefficient is always -1. The dotted line represents a case in
which Pearson’s correlation coefficient is -1. In either case (MoRF
or LeRF), this would lead to a perfect faithfulness, although these
configurations clearly represent different cases. In the MoRF case,
the lower curves would represent an ideal scenario, whereby the
most important features have a higher impact on the model pre-
diction; the dotted line and the two upper curves represent instead
an unsound scenario for faithfulness, with highly-important feature
having close to no effect on the prediciton, while features with a
lower importance contribute more. This shows the fault in correla-
tion coefficients as a faithfulness metric.

confident predictions even with a large portion of impor-
tant features removed. Generative inpainting causes absence
of information in the image, which a non-calibrated model
does not know how to interpret—a behavior that leads to
overconfident OoD predictions, thus impairing an approach
which in principle should be valid. Notice also that these
approaches are mainly aimed at image data, and may not
be easily translated to other data modalities. Recent ad-
vances in XAl-aware model calibration [Sridhar et al., 2026;
Cai et al., 2026] seem to go in the right direction: address the
model calibration, without proposing other workarounds for
OoD detection.

3.5 The Formal Divergence of Correlation and
Area-Based Metrics from Explanatory
Faithfulness

This point represents the fundamental criticism we raise
to current FI faithfulness metrics—the existing correlation-
based and area-based metrics do not really measure faithful-
ness correctly. Mir6-Nicolau et al. [2025] already showed, on
simple experiments, that existing faithfulness metrics seem
to be misaligned to the actual goal of measuring faithfulness.
In this section, we expand on their experiments by providing
additional criticism on the current approaches. For simplic-
ity, we will work with an example of classification model,
on which we evaluate explanations using guided perturbation
fidelity obtained via MoRF, incremental deletion feature per-
turbation. We additionally assume that the explanation only
presents positive importance scores. We expect the behavior
of the curve to follow a trend similar to the one depicted in
Figure 1: there should be a proportionality between the im-
portance of features removed and the drop in confidence ob-
served. We can observe that, in this case, neither correlation-
based, nor area-based metrics are aligned with measuring
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Figure 3: Example perturbation curves in a MoRF, incremental dele-
tion setting. Despite the dashed blue curve representing an desir-
able case of faithfulness, AOPC rewards the red curve with a perfect
score (normalized AOPC of 1). However, the latter is a degenerate
situation, whereby only the feature with the highest importance af-
fects the model’s prediction, while lower-importance features have
no effect. On the other hand AOPC should reward the blue case,
abiding to the aforementioned assumption of proportionality.

faithfulness since they break this assumption:

» Pearson’s correlation assumes a linear relationship be-
tween the two axes. Thus, a perfectly faithful expla-
nation (see Figure 2) would require a uniform drop in
confidence for each iteration. This would mean that the
contribution of each feature is the same, regardless of its
importance.

» Nonlinear correlation metrics (e.g., Spearman’s p) are
just measuring the monotonicity of the trend, they do
not consider its convexity. Thus, the proportionality as-
sumption could be violated, since any monotonic trend
would lead to a maximum faithfulness score, as depicted
in Figure 2. High nonlinear correlation is hence more of
a necessary property of a faithful explanation than a suf-
ficient one.

» AOPC would require a perfectly faithful explanation to
follow the trend highlighted in Figure 3. This con-
flicts with the expected trend from Figure 1 and violates
the proportionality assumption: only the most important
feature(s) would lead to a drop in confidence, and all the
relevant features with lower importance would not have
any effect on the model prediction. The only situation
in which AOPC would be a valid faithfulness metric is
when the explanation is binarized, thus possibly leading
to the behavior in Figure 3.

In addition, there is one more point to be made: the as-
sumption of confidence drop in classification can only be re-
liably met when the faithfulness metrics are run on the pre-
dicted class. In case the explanation is run on a non-predicted
class, it is likely that the confidence would be very low, pos-
sibly close to 0. In the ideal case of a perfectly calibrated
model, removing important features would possibly cause an
increase in confidence prediction (towards 1/K, with K be-
ing the number of classes). In the uncalibrated case, this con-
fidence increase could be even higher, due to the existence of
a so called catch-all category [Miré-Nicolau et al., 2025] that
the model designates as a default class for OoD examples.

This makes the current approaches infeasible for measuring
the faithfulness of non-predicted classes. Figure 4 shows a
real-life example of perturbation curves in a model with poor
OoD capabilities, where one class is designated as a high-
confident catch-all.

4 Our proposal for the direction of FI
faithfulness research

Having outlined key issues with current faithfulness compu-
tation, we propose research directions towards more solid and
trustworthy faithfulness evaluation. This aims to restore con-
fidence in XAI methods, which, per Section 1, has declined
due to unfulfilled promises regarding model interpretability.

Proposal I - faithfulness should be evaluated on well-
calibrated models robust to OoD data: faithfulness relies
on the assumption that models should reduce the confidence
in their predictions as the data gets progressively perturbed,
as explored in Section 2.2. This collides with the fact that
most ANNs are largely overconfident in their predictions, es-
pecially for what concerns OoD data, as seen in Section 3.4.
We hence posit that faithfulness should be computed on well-
calibrated, OoD-robust models. In that regard, we believe the
recent research on XAl-aware model calibration [Sridhar et
al., 2026; Cai et al., 2026] to be a valid direction, favoring
a more reliable faithfulness computation. Another underex-
plored line of research that needs to be expanded upon is XAl
for Bayesian neural networks [Valdenegro-Toro and Mulye,
2024]: these models tend to display a more natural robust-
ness to OoD data. In addition to these benefits, calibration has
other positive effects on the model trustworthiness: a model
whose uncertainty estimates are well calibrated enhances hu-
man oversight, allowing stakeholders to immediately get an
indication on the possible (in)correctness of a prediction—
outputs with low confidence are more likely to be inaccurate
than highly-confident ones [Guo et al., 2017].

Proposal II - faithfulness metrics for classification
needs to consider the cases of non-predicted classes: as
outlined in Section 3.5, faithfulness currently lacks an evalu-
ation approach for explanations generated on non-predicted
classes. The generation of explanations on classes other
than the predicted ones could be necessary in some cases,
e.g., for contrastive explanations [Sarti er al., 2024; Zhang et
al., 2025]. Thus, we posit that approaches for faithfulness
computation for classification tasks should generalize to all
classes, not only the predicted one. Until such approaches
are formulated, we posit that practitioners should concentrate
only on generating explanations on the predicted category.

Proposal III - faithfulness for regression needs more re-
search efforts: as discussed in Section 3.1, current faithful-
ness metrics are predominantly tailored to classification tasks
and cannot be trivially adapted to regression settings with-
out introducing conceptual problems. Unlike classification,
regression requires metrics that assess whether FI explana-
tions correctly predict both the direction and magnitude of
changes in predicted values. We argue that addressing this
gap requires dedicated research efforts that explicitly account
for the unique characteristics of regression tasks. Specifi-
cally, the community should develop formalizations of faith-
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Figure 4: Example of perturbation curves obtained on a ResNet-18 ANN [He ef al., 2016] trained on the HAM10000 dataset [Codella et al.,
2019]. The dataset contains images from seven classes of skin cancer (ak iec=Actinic keratoses, bcc=basal cell carcinoma, bk 1=benign
keratosis-like lesions, df=dermatofibroma, me l=melanoma, nv=melanocytic nevi, vasc=vascular lesions). The plots are obtained by
incrementally deleting features in MoRF order with black patches. In all cases, the model designs the nv class as a catch-all category. (a)
and (b) show images from ground truth classes different than nv, while (c) shows an example from the nv class, where the model confidence
remains extremely high when the image is completely black. This demonstrates that faithfulness computation is flawed for models with poor
OoD capabilities. The 1/ K line represents the optimal case for a well-calibrated model, which should output a flat distribution for completely
black images. None of the three figures showcase anything close to this behavior.

fulness metrics designed specifically for regression, rather
than adapting classification-based approaches that rely on in-
compatible assumptions. New metrics such as TIMING [Jang
et al., 2025] represent a solid avenue, although the reliance on
area-based metrics may still be problematic, due to the issues
raised in the present paper. We additionally highlight that
this proposal may pose issues in conjunction with Proposal I,
since calibration for regression models less well-established
than for classification [Levi et al., 2022].

Proposal IV - faithfulness metrics should be more
aligned to their goal: with regards to what has already
been outlined in Section 3.5, we believe the current ap-
proaches based on correlation and area-based metrics (and
related work-arounds) should be scraped, favoring instead ap-
proaches that consider what are the expectations from a faith-
ful explanation, and that reliable metrics be developed abid-
ing to these expectations. We consider the following points:

i. The x-axis of the perturbation curve should represent
the importance of the features removed, while many ap-
proaches use the iteration number instead. The latter
does not connect to a direct value of FI, which does
not allow to get a sense of the prediction change pro-
portional to said importance.

ii. If an optimal shape of the prediction curve is established
(e.g., similar to the one in Figure 1), then an inspiration
for the faithfulness computation could be coming from
the field of uncertainty estimation. Specifically, the ex-
pected calibration error (ECE) already offers an example
of a metric considering a difference with an expected
curve shape—see Figure 5. We stress out that currently
there does not exist an agreed-upon definition of opti-
mality for a perturbation curve, and we posit more re-
search should be devoted to eliciting this. The choice of
perturbation and phenomena such as gradient starvation
(see Section 3.5) may pose a big hurdle in determining
an optimal shape of the curve.

iii. Since faithfulness metrics should foster model trustwor-
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Figure 5: Example of calibration plot for a toy classification model.
The model is evaluated on a validation dataset. The data are then
split into bins depending on the confidence and the average accuracy
per bin is computed and plotted (solid black line). The ECE is cal-
culated as the magnitude of differences (dotted blue lines) between
these points and the diagonal (gray dashed line), which represents
perfect calibration where confidence equals accuracy.

thiness, these should necessarily be relative in order to
allow for direct interpretation of the faithfulness value.
Absolute metrics calculated, e.g., on the output logits,
such as in the case of IROF [Rieger and Hansen, 2020]
do not offer a relative value (e.g., between 0 and 1) and
logits can easily differ between models, making compar-
isons impossible and faithfulness scores uninterpretable.

S5 Contextualizing Faithfulness Assessment

Issues with faithfulness metrics are well-known in the XAI
literature. Ever since the still-used pixel/feature flipping ex-
periment [Bach et al., 2015], subsequent methods have tried
to address its shortcomings, mainly on OoD data created
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in the perturbation process: we have cited the examples of
ROAR [Hooker et al., 2019]—which proposes a retraining
process—and the derivative ROAD [Rong et al., 2022]—
which instead proposes blurring to avoid the expensive re-
training. More recently, works like F-fidelity [Zheng ef al.,
2024] have proposed the usage of augmentative finetuning to
curb the OoD issues. However, there are papers which have
targeted a more comprehensive critical approach to faithful-
ness evaluation: the previously cited work by Mir6-Nicolau
et al. [2025] indicates how the main approaches seem to be
misaligned with the goal of measuring faithfulness in mod-
els trained on simple tasks, where the important features are
known in advance. The authors frame their findings on a crit-
ical level, not listing concrete proposals for future directions.
Additionally, Chan er al. [2022], in their comparative study,
notice inconsistencies between different faithfulness metrics
on natural language processing tasks. They argue in favor
of correlation-based metrics; however, they miss the issues
behind these approaches which we instead outline in Sec-
tion 3.5. Seth and Sankarapu [2025] highlight the importance
of a sound evaluation of XAI and criticize the current field
because of (i) fragmentation—a lack of standard in metric-
s—and (ii) manipulability—metrics are not robust and can
be manipulated easily. However, their work is designed at
a governance level and does not address the technical details
behind these shortcomings. Finally, the previously mentioned
Haufe et al. [2026] also address XAl shortcomings. Their
perspective encompasses several points, including the lack
of formalization in XAI, the fragility of the current metrics
for XAI evaluation, the lack of verification that explanations
abide by the formal requirements, and the scarcity of real-
world data for performing empirical evaluations. The authors
also mention that current XAl tools and faithfulness metrics
do not take into consideration the data generating distribution;
however, they do not propose how to integrate this into exist-
ing methods. Our proposals go in the direction highlighted by
the authors; specifically, we also call for higher formality in
XAl evaluation, e.g., by soliciting research to define a desired
form of perturbation curve (Proposal IV) and by posing more
stringent requirements on the model calibration (Proposal I).

6 Discussion and conclusion

In the present paper, we have summarized several issues con-
nected with the current metrics for the computation of faith-
fulness of FI. Faithfulness is defined as the level of alignment
between the FI explanation and the internals of the model on
which said explanation is generated. We highlighted how the
main metrics approach the computation from the process of
data intervention [Dembinsky er al., 2026]: perturbing spe-
cific features of a given input should yield variations in the
model output which are proportional to the importance of the
features. This is often done in an iterative fashion, by incre-
mentally removing (or revealing) features by means of pertur-
bations operated in a MoRF or LeRF fashion. The output of
the model is tracked for each perturbed input and then plot-
ted against the fraction of features removed, as shown in Fig-
ure 1. Faithfulness is then summarized with a scalar by either
computing the correlation of the perturbation curve or its area

under (or over) the curve.

We posit that these approaches present several flaws. Some
of these criticisms are novel, while some others are already
well known in the literature. We present five main shortcom-
ings: (1) disproportionate focus on classification for faith-
fulness research, (2) conflation of faithfulness with other
XAI evaluation facets, (3) necessity of an arbitrary base-
line for simulating feature removal, (4) emergence of OoD
data (which most ANNSs handle poorly) as effect of the per-
turbation, and (5) misalignment between the main metrics
and the proper computation of faithfulness. These draw-
backs severely limit the assessment of faithfulness—a met-
ric whose importance is vital in XAl evaluation, since it es-
sentially quantifies the level of approximation of an explana-
tion with regard to the model, and is hence fundamental for
fostering reliability of FI as the main XAI task. Increasing
the trustworthiness of XAl is hence necessary, in a time in
which, after roughly a decade of research, the field is being
severely criticized for its shortcomings in fulfilling its initial
commitments in improving model transparency for its users
[Afroogh er al., 2026]. We conclude our paper by propos-
ing four avenues for faithfulness research, namely: (I) con-
template model calibration when FI needs formal evaluation,
(II) for classification, consider that explanations can be gen-
erated either on predicted or non-predicted classes (while cur-
rent methods concentrate solely on predicted classes), (IIT) di-
rect more effort to faithfulness for regression, and (IV) align
metrics to the actual goal of computing faithfulness. We hope
our manuscript can provide a clear and comprehensive sum-
mary of the current problems with the computation of faith-
fulness, at the same time giving directions to practitioners and
researchers on how the research in the field can be improved.
We close our paper by shifting back to Section 1—we posit
Afroogh er al.’s [2026] point on infidelity to be inaccurate:
it is not that XAl is unfaithful, but we are currently lacking
a principled way for assessing faithfulness. Even though a
more formal approach to faithfulness will not solve all of the
shortcomings of XAl, as outlined by Haufe et al. [2026], this
will still help with bolstering its credibility.

Limitations: despite providing a comprehensive critical
outline of the current metrics for FI faithfulness, our paper
does not consider other popular XAI tasks, such as coun-
terfactual examples or concepts, that all require faithfulness
computation [Dembinsky et al., 2026]. Concepts, for in-
stance, present similar challenges to FI in this regard. Addi-
tionally, if we exclude the example from Figure 4, the present
paper lacks experiments that summarize the issues we high-
light in Section 3, although many of these problems are al-
ready well-known in the literature. Finally, some of our di-
rections from Section 4 (e.g., Proposals II and III) act more
as recommendations for research and do not contain any con-
crete idea on how the limitations should be tackled. Similarly,
the limitation on the arbitrary nature of perturbation baselines
from Section 3.3 is not tackled by our proposals and remains
currently unresolved. Notwithstanding these limitations, we
believe our position paper still effectively summarizes short-
comings of current approaches and provides valuable insights
for directing future research on faithfulness.
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