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Abstract

AutoXAlI frameworks automatically select and
optimize explainability methods using quan-
titative metrics such as fidelity and plausibil-
ity. But do these metrics align with human
perception of explanation quality? We inves-
tigate this question for attribution-based ex-
planation methods, which assign token-level
relevance scores to the input, in the context
of claim matching, a core fact-checking task
in which a bi-encoder model matches social
media posts to previously fact-checked claims.
Combining a large-scale evaluation of 11 XAI
methods with a controlled user study, we find
that methods recommended by AutoXAI met-
rics are perceived by users as most helpful for
understanding the claim-post match, while de-
prioritized methods are judged as misleading.
We further show that simple post-processing
of explanations can improve human-perceived
usefulness without degrading fidelity. Because
AutoXAI recommends the top-ranked method
in practice, this alignment at the decisive top-
versus-bottom boundary positions these metrics
as reliable indicators for distinguishing clearly
strong from clearly weak methods.

1 Introduction

As neural models are increasingly deployed in
settings where reliability, transparency, and user
trust are essential, Explainable Artificial Intelli-
gence (XAI) methods have emerged as a key tool
for understanding and validating model behavior
(Mohammadi et al., 2025; Dhaini et al., 2025b).
By providing human-interpretable rationales for
model predictions, XAl techniques aim to sup-
port error analysis, debugging, and informed hu-
man decision-making (Ribeiro et al., 2016; Miller,
2019). However, even a well-generated explana-
tion is only valuable if we can reliably assess its
quality, and poorly chosen evaluation metrics may
lead practitioners to select high-scoring explana-
tions that fail to aid human understanding. This

RQ1: Do quantitative fidelity and plausibility metrics
identify which explanation methods users perceive as
clearly more versus clearly less helpful?

RQ2: Can post-processing of attribution-based expla-
nations improve human-perceived usefulness without
degrading their fidelity to the underlying model?

RQ3: Given this alignment, can AutoXAl rely on these
metrics to flag strong and weak candidate methods with-
out costly human evaluation?

Table 1: The three research questions addressed in this
work.

has led to growing interest in systematic evaluation
frameworks for XAI methods, resulting in both
automated, metric-based approaches and human-
centered assessments.

Explanation quality is assessed along two com-
plementary axes: quantitative metrics such as fi-
delity and plausibility, which are reproducible, scal-
able, and inexpensive to compute (Jacovi and Gold-
berg, 2020; DeYoung et al., 2020; Markus et al.,
2021), and qualitative human evaluation, which is
costlier and harder to scale but is widely regarded
as the strongest evidence of real-world usefulness
(Herman, 2017; Doshi-Velez and Kim, 2018). De-
spite broad agreement on the importance of both,
whether automated metrics actually reflect human
perception remains underexplored, a gap that is par-
ticularly consequential for AutoXAI approaches,
which use quantitative metrics as optimization tar-
gets (Cugny et al., 2022; KriS et al., 2025): if mis-
aligned with human judgment, they may produce
technically optimal yet practically uninformative
explanations. In practice, AutoXAI recommends
the top-ranked method for deployment, so the deci-
sive question is whether that recommendation can
be trusted without costly human evaluation. To in-
vestigate this, we combine a quantitative evaluation
with a controlled user study, addressing the three
research questions in Table 1.

Our study makes three contributions. First,

677

Proceedings of the 9th BlackboxNLP Workshop: Analyzing and Interpreting Neural Networks for NLP, pages 677-695
October 29, 2026 ©2026 Association for Computational Linguistics


mailto:jaroslav.kopcan@kinit.sk

we provide a large-scale quantitative evaluation
of 11 attribution-based XAI methods (which pro-
duce token-level relevance scores over the input)
for claim matching, spanning fidelity and plausi-
bility on a bi-encoder retrieval model. Second,
we pair this with a controlled user study (15 par-
ticipants) that tests whether these metrics track
human-perceived explanation quality, and we pro-
vide an initial calibration of token-level overlap
(IoU) against perceived-quality categories for this
setting. Third, we show that simple post-processing
improves the human-perceived usefulness of ex-
planations for understanding the claim-post match
without degrading fidelity. Together, these results
show that commonly used metrics reliably sepa-
rate the strongest from the weakest methods (a
1.62-point gap on a 5-point scale between Au-
toXAI’s top- and bottom-ranked methods), validat-
ing metric-driven selection at the tested top-versus-
bottom extremes (we do not test whether finer met-
ric differences among mid-ranked methods track
human judgment) and offering a replicable method-
ology for other task-architecture settings.

2 Related Work

XAI and AutoXAIL. XAI methods have been
developed to enhance the understanding of the
decision-making process in machine learning mod-
els (Mersha et al., 2024). Such methods vary
from attribution-based approaches, such as SHAP
(Lundberg and Lee, 2017), LIME (Ribeiro et al.,
2016), and Occlusion (Zeiler and Fergus, 2014),
to gradient-based approaches, such as LRP (Bach
et al., 2015) and Integrated Gradient (Sundarara-
jan et al., 2017), focusing on isolating the specific
input features that drive a model’s prediction. How-
ever, selecting the optimal XAI method for a spe-
cific task remains a non-trivial challenge, as its
performance is highly sensitive to hyper-parameter
configurations and specific tasks. To address this,
AutoXAl frameworks automate the selection and
configuration of XAI methods by optimizing quan-
titative evaluation metrics, analogous to how Au-
toML automates model selection (He et al., 2021).
Cugny et al. (2022) introduced the first such frame-
work, automating LIME and SHAP configuration
based on user-defined objectives. Shawi and Jamel
(2025) proposed a meta-learning approach that rec-
ommends explanation techniques based on dataset
characteristics. More recently, the o-MEGA frame-
work (Kris et al., 2025) expanded this scope to

cover a wide range of XAI methods and evalu-
ation metrics, with a focus on claim matching
and text classification. Complementarily, Dhaini
et al. (2025a) introduce EvalxNLP, a framework
that benchmarks post-hoc attribution methods for
transformer-based NLP models along fidelity, plau-
sibility, and complexity to help practitioners se-
lect an appropriate explainer. Because these frame-
works rely on quantitative metrics as optimization
targets, validating whether those metrics align with
human judgment is critical.

XATI Evaluation. As XAI methods proliferate,
evaluating the quality and reliability of generated
explanations has become critical. Fidelity (also
termed faithfulness), the degree to which an expla-
nation accurately reflects the model’s logic, and
plausibility, how comprehensible such generated
explanations are to humans, are proposed to eval-
uate the effectiveness of XAl approaches (Nauta
et al., 2023; Bello et al., 2025). While these met-
rics provide insightful assessment, they often fail to
capture the actual utility of an explanation for end-
users in practical contexts. Addressing this gap,
recent research has pivoted toward human-centered
evaluation, positing that an explanation’s value is
best measured by its impact on user performance
and trust (Dawoud et al., 2023; Nauta et al., 2023;
Kazmierczak et al., 2026). For instance, Schmitt
et al. (2025) focused on human-centered evaluation
and evaluate different explainability features in Al
systems for fact-checking, focusing on their impact
on performance, perceived usefulness, and under-
standability. Within fact-checking specifically, Tan
et al. (2025) improve explainable fact-checking by
modeling claim-evidence correlations to produce
more informative rationales. A parallel line of work
scrutinizes the evaluation metrics themselves: Za-
man and Srivastava (2025) adopt a causal lens to
test whether widely used fidelity metrics measure
what they purport to, cautioning that metric scores
can be misleading proxies for explanation quality.
In this work, we focus on the task of claim match-
ing and systematically examine a range of XAl
methods through both quantitative and qualitative
analysis, assessing the alignment between human
judgments and automatic evaluation metrics.

3 Measuring Explanation Quality

Quantitative evaluation offers a reproducible, scal-
able approach to measuring explanation quality
along two core dimensions consistently identified
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Claim: Barack Obama is running for president in Kenya

(a) Human rationale (majority vote)

Barack Obama will be the first man ever to rule two countries in different continents if the reports are true.

The former US President has declared interest to run for the 2021 presidential election in Kenya.

(b) Occlusion (word-level) — AutoXAI top-ranked

Barack (Obamal will be the first man ever to rule two countries in different continents if the reports are true.

The former US President has declared interest to run for the 2021 presidential election in Kenya.

(¢) Occlusion + smoothing alg.

Barack Obama will be the first man ever to rule two countries in different continents if the reports are true.

The former US President has declared interest to run for the 2021 presidential election in Kenya.

Attribution high

token marked by human annotators

Figure 1: A claim—post pair from MultiClaim (post 6616): the annotated data and the explanations shown to
user-study participants. Panel (a) is the majority-vote human rationale that plausibility is scored against (14 of 36
tokens marked); panels (b) and (c) reproduce the attribution maps at the colour intensities participants saw, on a

scale shared across panels.

by prior work (fidelity and plausibility (Markus
et al., 2021; Zhou et al., 2021)), assessed with es-
tablished metrics for textual explanation evalua-
tion (Hedstrom et al., 2023; DeYoung et al., 2020;
Attanasio et al., 2023). Figure 1 grounds both di-
mensions in a concrete claim—post pair: the human
rationale that plausibility is scored against, and the
token attributions whose removal fidelity measures.

Fidelity measures whether an explanation ac-
curately reflects the model’s decision-making be-
havior. We adopt a functional fidelity perspec-
tive (Jacovi and Goldberg, 2020; DeYoung et al.,
2020): features highlighted as important should
genuinely influence predictions when perturbed.
We quantify it with two Area Over the Perturba-
tion Curve (AOPC) metrics, comprehensiveness
and sufficiency, which track how the prediction
changes as the most important tokens are progres-
sively removed or kept. At each perturbation step
the selected tokens are deleted from the input and
the shortened text is re-encoded, rather than be-
ing masked or replaced with a special placeholder
token.

Plausibility measures alignment between expla-
nations and human judgments of relevance, inde-
pendent of model internals (Jacovi and Goldberg,
2020; DeYoung et al., 2020): do the highlighted
features correspond to what humans consider im-
portant? We quantify it against human annota-
tions with four metrics: token-level F1 and Inter-
section over Union (IoU), capturing exact-token
overlap with human rationales, and Area Under
the Precision-Recall Curve (AUPRC) and Aver-
age Precision Score, which are ranking-based and

more robust to annotation variability. Plausibility
thus serves as a quantitative proxy for the human-
perceived quality of an explanation, the degree
to which it is interpretable and useful to humans.
Our user study (Section 4) tests whether this proxy
matches perceived quality; throughout, plausibility
denotes the computed overlap metric and perceived
quality the human judgment it aims to capture (we
avoid the term comprehensibility to prevent confu-
sion with the fidelity metric comprehensiveness).

3.1 Faithful to Models or Friendly to
Humans?

Fidelity and plausibility may diverge because mod-
els operate over tokenized representations while
humans reason over semantic units (Jacovi et al.,
2023). Whether this tension is fundamental (Jacovi
and Goldberg, 2020) or task-dependent remains
empirical. Because of this tension, we explore
two families of approaches for balancing the two
dimensions (post-processing of attribution maps
and adjusting the perturbation unit of analysis) and
evaluate their effect in our experiments (Sections 6
and 6.2). In our claim-matching setting we find the
two dimensions to be largely complementary rather
than antagonistic: methods with high fidelity also
achieve high plausibility, and both approaches can
further improve perceived quality without compro-
mising fidelity.

Post-processing. Post-processing refines attribu-
tion maps to improve perceived quality while pre-
serving the attribution signal, adapting techniques
from Herdt et al. (2025) and Smilkov et al. (2017).
All strategies operate on the 1D sequence of token-
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level scores a = (aq, . .., a,) produced by an XAI
method, after normalization by one of four schemes
(L2, mean, min-max, or z-score with tanh squash-
ing). Figure 1(c) shows the effect on our running
example, and Table 4 reports results for every con-
figuration.

Gaussian smoothing replaces each a; by a
Gaussian-weighted average over a local window,
following SmoothGrad’s noise-reduction principle
(Smilkov et al., 2017):

- Sievpee(-FH) 4 (1)
R Zje/v(i)exp(—%>

where N (i) is the window centered at position i
and o controls the degree of smoothing: larger
o suppresses high-frequency noise but blurs the
boundary between salient and non-salient regions.

Median smoothing instead takes the median
within a sliding window of size w, a; =
median({a; : j € Ny(¢)}), which is more robust
to outlier tokens and preserves sharp transitions
while still suppressing isolated noise.

Span convolution search, adapted from the
saliency-map verbalization framework of Feldhus
et al. (2023), slides a fixed-size window over the
sequence, ranks windows by cumulative attribution,
and retains the top-ranked contiguous spans. This
groups individual token attributions into coherent
multi-token spans (e.g., named entities), aligning
explanation granularity with human semantic units.

Clustering (K-means, GMM, DBSCAN) dis-
cretizes continuous scores into a small number of
importance categories. K-means and GMM par-
tition tokens into k clusters by attribution value;
DBSCAN identifies dense regions without a prede-
fined k, separating salient groups from background
noise. All three reduce cognitive load by turning
continuous attribution gradients into categorical
levels. Per-method analysis is in Appendix D.

Perturbation unit of analysis. A second ap-
proach adjusts the perturbation unit used during
attribution computation. For perturbation-based
methods, perturbing whole words rather than in-
dividual subword tokens can yield explanations
more naturally aligned with human semantic units,
though at the cost of reduced granularity and ap-
plicability to perturbation-based methods only. In
our experiments we instantiate this by comparing
word-level and token-level variants of Occlusion
(Table 3), letting us test directly whether aligning

the perturbation unit with human word boundaries
yields more human-aligned explanations.

3.2 Attribution Polarity Alignment with
Human Annotations

Attribution methods assign continuous positive and
negative scores to tokens, whereas human annota-
tors in our task identify only supporting evidence
as binary masks. Since our fidelity analysis (Sec-
tion 6.1) shows that negative attributions exhibit
low functional fidelity in bi-encoder models, we
focus on positive attributions for plausibility evalu-
ation. Prior to computing plausibility metrics, we
(1) filter out negative attributions and (2) binarize
remaining scores via top-k selection to match hu-
man annotation format.

4 Qualitative Evaluation

While quantitative metrics provide automated, re-
producible measurements of explanation quality,
they cannot fully capture whether explanations are
genuinely useful to end users in real-world tasks.
Qualitative evaluation serves as a critical verifica-
tion step that assesses the alignment between com-
puted metrics and human subjective perception,
directly addressing the research questions posed in
Table 1. By combining quantitative and qualitative
approaches, we can validate that our computational
metrics correlate with human-perceived explana-
tion quality and identify gaps between theoretical
explanation quality and practical user experience
(Herman, 2017; Nauta et al., 2023).

4.1 User Study Design

We employ a mixed experimental design: XAI
method is a within-subjects factor (each participant
rates all five methods, each on a different subset
of pairs). The method-to-pair mapping is counter-
balanced across five participant groups, ensuring
that every method is evaluated on every pair across
groups while no participant sees more than one
explanation per pair. Each claim-post pair is eval-
uated with a single attribution method per partici-
pant, avoiding within-pair comparison effects (see
Appendix A for design advantages). The evalua-
tion followed a two-step procedure: (1) participants
independently highlighted text they considered rel-
evant to the claim, then (2) were presented with
computed explanations and rated their quality with
respect to their own selections and the task con-
text. Attribution method presentation order was
randomized.
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Part I - Quantitative Evaluation (AutoXAI)

Pool of candidate
XAI methods (11)

|

AutoXAI

[
T Collect gold

—_—

Annotators

annotations

gold

Dataset of
claim-post pairs
(EN)

explanations
3)
N attribute all pairs -
optimize / post-process -
score & rank

Fidelity &
plausibility metrics

%

Model
(bi-encoder)

Legend: input / data ‘ process step. ‘ user-study step analysis / RQ output

post-processed, random

Part II - Qualitative Evaluation (user study)

€Y}
T Annotate: mark post
—> tokens supporting
the claim

claim—post
pair

User-study set:
best & worst ranked,

metric ranking

human ratings

(2)

. Rate the XAI

explanation vs.

own annotation
(Likert 1-5)

explanations

Figure 2: Overview of the two-part pipeline. Part I (AutoXAl) attributes, post-processes, and scores explanations
from a pool of candidate XAI methods, then ranks them by fidelity and plausibility (using gold annotations as
ground truth). Part II (user study) shows the best- and worst-ranked methods, their post-processed variants, and
arandom baseline to 15 participants, who annotate the supporting tokens and rate each explanation on a 5-point
Likert scale (mixed design: method within-subjects). The alignment analysis tests whether human ratings match the

metric ranking.

Evaluation Metrics. We measure token-level
overlap via IOU (Intersection Over Union) between
user-selected text passages and computed explana-
tions. Subjective evaluation uses a 5-point Likert
scale (Appendix B) at the instance level, answering:
“Was the most important information with respect to
the claim present in the XAI-highlighted text pas-
sages?” Results are aggregated across methods to
identify quality patterns.

Quality Control. Attention-check questions
were inserted every 15 samples, participants failing
multiple checks were excluded. Random expla-
nations (tokens selected randomly, matching real
explanation length distributions) were included as
a baseline to verify that attribution methods outper-
form chance.

5 Methodology and Data

Task. We evaluate explanation quality on the
claim matching task, a core component of au-
tomated fact-checking. Given a social media
post containing a checkable claim, the system re-
trieves the most semantically similar previously
fact-checked claim from a repository. Explanations
aim to highlight which parts of the post support the
retrieved match. Figure 2 provides an overview of
entire research pipeline, illustrating both the quan-
titative evaluation via the AutoXAI framework and
the qualitative human evaluation protocol.

Subset Used for

Fidelity
Plausibility
User study
HP search

Pairs

English evaluation pool 6,386
Human-annotated 512
User-study sample 100
LLM-annotated 5,874

Table 2: How the data is used. The two annotated
subsets partition the evaluation pool (512 + 5,874 =
6,386); the user-study sample is drawn from the human-
annotated one.

Data. We use the MultiClaim dataset ' (Piku-
liak et al., 2023), a multilingual resource for claim
retrieval. Our experiments focus on the English
subset. Fidelity evaluation is conducted on 6,386
post-claim pairs. For plausibility evaluation, we
use a human-annotated subset of 512 post-claim
pairs selected stratified by length, in which annota-
tors highlight post spans that explain why a given
claim is a match. Majority voting is used to ensure
annotation quality. Table 2 summarizes how each
subset is used.

Model. All claim matching experiments use the
multilingual ES5-large bi-encoder (Wang et al.,
2024), which embeds posts and claims into a shared
vector space.

Methods. We evaluate 11 explanation methods
spanning gradient-based, perturbation-based,
and decomposition approaches, including
Inputx Gradient, Saliency, Guided Backpropaga-
tion, Occlusion, Feature Ablation, LIME, SHAP

"https://zenodo.org/records/7737983
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Claim—post pair block (~20 pairs each)

1-20 21-40 41-60 61-80 81-100

Group 1 M1 M2 M3 M4 M5

Group 2 M2 M3 M4 M5 M1

Group 3 M3 M4 M5 M1 M2

5 groups X 3 raters

Group 4 M4 M5 M1 M2 M3

Group 5 M5 M1 M2 M3 M4

Worst + post-processed

M2  Worst method (quant.)

M1 Best method (quant.)

Random baseline

Best 4 post-processed

Figure 3: Human evaluation design: 15 participants
in 5 groups of 3, each annotating all 100 claim—post
pairs. The five methods (M1-MJ5) are counterbalanced
across groups, so each covers ~20 pairs per group and
every pair block is seen under a different method across
groups. Pair blocks are illustrative.

variants, GAE, and LRP. Each method produces
token-level relevance scores. To align with human
annotations, which mark only supporting evidence,
we retain positive attributions for plausibility
evaluation.

Hyperparameter Optimization Protocol. XAI
methods for human evaluation are selected based
on quantitative performance. Specifically, we in-
clude the best and worst-performing methods ac-
cording to computed metrics, along with post-
processed variants designed to improve inter-
pretability (Section 3.1). Hyperparameters are
optimized on 5,874 post-claim pairs using LLM-
generated explanation annotations (Appendix G),
maximizing a single combined objective that
weights fidelity and plausibility equally (0.5/0.5),
i.e., the aggregate score used to rank methods,
while the final evaluation reported in Table 3 is
conducted exclusively on the human-annotated sub-
set. Full optimization details and configurations are
provided in the Appendix H.

User Study Protocol. We conduct a controlled
human evaluation (Figure 3) with 15 annotators
in 5 groups of 3. Five XAI methods are evalu-
ated (Section 7), the best and worst methods from
quantitative evaluation, their post-processed vari-
ants, and a random baseline. Each group evaluates

the same 100 post-claim pairs, with XAl methods
randomly assigned to pairs such that all methods
are evaluated equally across groups. Method-to-
pair mappings differ across groups, controlling for
text difficulty while enabling inter-annotator agree-
ment analysis. The annotation tool is described in
Appendix 1.

6 Quantitative Evaluation Results

Table 3 presents a quantitative evaluation of 11 XAI
methods across multiple evaluation metrics. For
each method, hyperparameters are tuned using the
0-MEGA autoXAI framework (Kri$ et al., 2025).

To facilitate a unified comparison across eval-
uation dimensions, we report a single aggregated
score computed via hierarchical averaging. Metrics
are first averaged within each dimension (fidelity
and plausibility) using equal weights, and the two
resulting dimension-level scores are then averaged
to obtain the final score. All metrics are bounded
in the [0,1] range under their standard definitions
and therefore require no normalization prior to ag-
gregation. We use this aggregation consistently for
all methods.

Occlusion-based methods demonstrate strong
overall performance, with word-level Occlusion
achieving the highest combined evaluation, fol-
lowed closely by GAE Explain and token-level
Occlusion. Gradient-based methods such as Gradi-
ent SHAP, Guided Backpropagation, and Saliency
show comparable performance around 0.709, while
ConservativeLRP exhibits the lowest performance,
primarily due to weaker plausibility scores despite
competitive fidelity metrics.

6.1 Results on Fidelity Evaluations

We evaluated fidelity using AOPC metrics measur-
ing comprehensiveness and sufficiency, with each
perturbation step modifying 10% of the text length
(Figure 4, detailed interpretation in Appendix C).
Both metrics consistently show that negative attri-
butions exhibit low fidelity across all methods, re-
flecting structural properties of bi-encoder architec-
tures - independent encoding without token-level
interaction (Reimers and Gurevych, 2019; Thakur
et al., 2021), cosine similarity on mean-pooled em-
beddings where token removal induces only local
perturbations (Zhou et al., 2022), and anisotropic
embedding spaces with high baseline similarity
(0.885 between empty posts and claims) (Etha-
yarajh, 2019). Positively attributed tokens show
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Fidelity Plausibility
Method AOPCsur  AOPCeomp AvgPrec AUPRC Token F1  Token IoU Final
Occlusion (word-level) 0.988 0.903 0.548 0.698 0.620 0.496 0.775
GAE Explain 0.991 0911 0.542 0.693 0.597 0.477 0.770
Occlusion (token-level) 0.999 0.915 0.740 0.688 0.585 0.456 0.767
Lime 0.997 0915 0.607 0.647 0.557 0.422 0.749
Feature Ablation 1.000 0.916 0.677 0.657 0.529 0.397 0.743
Kernel SHAP 0.990 0911 0.542 0.640 0.542 0.409 0.740
Gradient SHAP 0.981 0911 0.510 0.608 0.475 0.335 0.709
Guided Backprop 0.984 0.912 0.535 0.603 0.473 0.332 0.709
Saliency 0.983 0.912 0.526 0.604 0.473 0.332 0.709
Input X Gradient 0.978 0.916 0.526 0.600 0.465 0.326 0.705
ConservativeLRP 0.962 0.923 0.472 0.454 0.303 0.165 0.625

Table 3: Performance for different XAI methods across fidelity and plausibility dimensions. Methods are ranked by

the final aggregated score.

higher fidelity as they align directionally with claim
embeddings. Consequently, explanations should
focus on positive evidence, and we restrict plau-
sibility evaluation to positive attributions accord-

ingly.
6.2 Results on Plausibility Evaluation

We present plausibility results in three steps:
(1) quantitative plausibility scores across methods
(Table 3), (2) the impact of post-processing on both
plausibility and fidelity (Table 4), and (3) how these
quantitative differences relate to human-perceived
quality categories (Table 7 in Section 7).

Plausibility evaluation in Table 3 reveals sub-
stantial variation in alignment with human anno-
tations. Token-level metrics (F1, IoU) are sensi-
tive to annotation variability, while ranking-based
metrics (AUPRC, Average Precision) are more
robust. Despite these limitations, a clear trend
emerges: perturbation-based methods outperform
gradient-based approaches, with word-level Occlu-
sion achieving the strongest alignment and Conser-
vativeLRP showing poor performance, motivating
our qualitative user study to validate these quanti-
tative patterns.

Overall, plausibility scores are substantially
lower than fidelity across all methods. However,
our qualitative evaluation (Table 7) reveals that
even highly rated explanations achieve approxi-
mately 60% IOU, indicating that current plausibil-
ity metrics may underestimate actual usefulness.

Table 4 reports both dimensions for the two fo-
cal methods on the same human-annotated sub-
set used for plausibility evaluation (Table 2).
Post-processing substantially enhances plausibil-
ity while simultaneously improving fidelity. This
occurs because AOPC metrics select top-k to-

Post-processing Norm. Avg Fid. Plaus.
ConservativeLRP

GMM L2 0.743 0.939 0.547
K-means L2 0.743 0.939 0.547
DBSCAN L2 0.726 0.938 0.514
Span convolution Mean 0.678 0.933 0.423
Smooth median  Mean  0.678 0.941 0.415
Smoothing alg. Mean 0.671 0.941 0.401
None L2 0.580 0.877 0.283
Occlusion

Smoothing alg. Mean 0.837 0951 0.724
Smooth median  Mean 0.829 0.954 0.705
K-means Mean 0.824 0.954 0.693
GMM Mean 0.823 0.954 0.692
Span convolution Mean  0.817 0.954 0.679
None L2 0.776  0.893 0.659
DBSCAN L2 0.769 0.943 0.596

Table 4: Post-processing results for ConservativeLRP
and Occlusion across post-processing strategies and nor-
malization schemes. None is the unprocessed baseline.
Best scores per XAl method are bolded within each

group.

kens by attribution magnitude at each perturbation
step, post-processing concentrates attribution mass
onto coherent spans, making this selection more
precise and thus increasing the measured fidelity
signal without altering the underlying attribution
mechanism (Appendix D). For ConservativeLRP,
clustering-based methods improved performance
from 0.580 to 0.743 (28% gain), for Occlusion,
smoothing achieved 0.837 (8% gain).

7 Alignment Analysis by Qualitative
Evaluation

Our method selection mirrors how AutoXAl is used
in practice: pipelines rank methods by quantitative
metrics and practitioners deploy the top-ranked one.
We therefore test whether that recommendation is
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reliable at the decisive extremes: selecting Occlu-
sion (highest combined fidelity and plausibility, Ta-
ble 3) as the AutoXAl-recommended method and
ConservativeLRP as the worst, each paired with
a post-processed variant (Occlusion+smoothing
alg. and ConservativeLRP+GMM, Table 4) to test
whether post-processing improves user experience,
plus a random baseline as a sanity check, directly
probing the upper and lower bounds of metric-
driven recommendation quality.

Importantly, the quantitative plausibility scores
in Table 3 were computed against 512 majority-
voted annotation pairs from the MultiClaim dataset
(Section 5), whereas the user ratings reported below
were collected from 15 independent participants
on a separate 100-pair subset with no annotator
overlap. The alignment we report is therefore a pre-
dictive relationship across distinct human judges
and data.

Detailed results from the user study are pro-
vided in Tables 5 and 6. Occlusion, the top-ranked
method, received the highest mean rating from par-
ticipants (3.28), while ConservativeLRP received
a substantially lower mean rating (1.66). The dif-
ference of 1.62 points on the 5-point scale repre-
sents a large perceptual gap, demonstrating that
the method AutoXAI metrics would recommend is
indeed perceived as substantially more useful than
the method it would deprioritize. A Friedman test
confirms a significant effect of explanation method
on ratings (x2(4) = 48.0, p < 107?), and Holm-
corrected pairwise Wilcoxon signed-rank tests par-
tition the five methods into three significance tiers
(superscripts in Table 5; full matrix in Appendix F):
the two Occlusion variants are statistically indistin-
guishable from each other and each significantly
outranks all remaining methods, whereas Conserva-
tiveLRP forms a significantly lower tier than every
other method.

Notably, ConservativeLRP (M = 1.66) was
rated significantly below the random baseline
(M = 1.92; tiers c vs. b in Table 5): confidently
selective but wrong highlights appear to mislead
users more than visibly arbitrary ones. This nu-
ances our central claim: metrics reliably separate
strong from weak methods, but a low score alone
does not distinguish a merely less useful method
from one actively worse than no explanation, which
matters when using metrics as a lower-bound fil-
ter in AutoXAlI pipelines. Post-processing lifts
ConservativeLRP+GMM (M = 2.02) to statisti-
cal parity with random (both tier b), indicating the

Method Mean Median Count
Occlusion+smooth alg.  3.46“ 4.0 247
Occlusion 3.28¢ 3.0 231
ConservLRP+GMM 2.02° 2.0 257
Random 1.92° 2.0 246
ConservativeLRP 1.66¢ 1.0 256

Table 5: Summary statistics of user ratings across
each utilized explanation method (5-point Likert scale:
1=Misleading, 5=Superior). Superscripts denote ho-
mogeneous subsets: methods that do not share a letter
differ significantly (Holm-corrected pairwise Wilcoxon
signed-rank tests, p < 0.05), yielding three tiers a >
b > c. The full pairwise matrix is given in Appendix F.

deficit stems partly from calibration and presenta-
tion rather than absent signal.

Impact of Post-processing on Perceived Qual-
ity. Post-processing measurably improved hu-
man ratings. Smoothed Occlusion gained 0.18
points (5.5%) over the original, with the median
rising from 3.0 to 4.0 and 59.1% of ratings at
level 4 (“Similar and equally useful”). Conser-
vativeLRP+GMM improved more in relative terms
(0.36 points, 21.7%; median 1.0—2.0), shifting the
distribution from predominantly “Misleading” to-
ward “Somewhat misleading”: less problematic,
though still far from ideal.

Perceived Ultility of Explanations. Attribution
highlights are the interface through which fact-
checkers judge why a post was matched to a
claim. Our study measures whether users per-
ceive these highlights as capturing claim-relevant
information (their perceived usefulness) rather than
whether they improve downstream verification per-
formance; the Likert anchors are worded accord-
ingly (Appendix B). By this measure, 86.3% of Oc-
clusion+smoothing explanations received ratings
> 3, compared to only 18.4% for ConservativeLRP
(Table 6): AutoXAl-recommended explanations
are predominantly perceived as useful for under-
standing the claim-post match, while deprioritized
methods are overwhelmingly perceived as mislead-
ing. Whether this perceived usefulness translates
into faster or more accurate verification is a natural
next step.

Token Overlap (IOU) by Rating Category. We
analyze the relationship between IOU (computed
token-level overlap) and Likert ratings (holistic sub-
jective judgments, Appendix B), computing mean
IoU per rating category with top-k binarization (k
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Method Rating 1 Rating 2 Rating 3 Rating 4 Rating 5
Occlusion+smooth alg. 12 (4.9%) 15 (6.1%) 61 24.7%) 146 (59.1%) 9 (3.6%)
Occlusion 6 (2.6%) 31 (13.4%) 86(372%) 93(40.3%) 12(5.2%)
ConservLRP+GMM 62 (24.1%) 123 (479%) 62 (24.1%) 5(1.9%) 1 (0.4%)
Random 84 (34.1%) 104 (42.3%) 53 (21.5%) 3(1.2%) 2 (0.8%)
ConservativeLRP 140 (54.7%) 69 (27.0%) 41 (16.0%) 6 (2.3%) 0 (0.0%)

Table 6: Distribution of Likert scale ratings (1-5) for each explanation method. Modal ratings are bolded. Rating 1

= Misleading, Rating 5 = Superior.

Rating N Mean (SD)  Median
1 324 18.1% (16.8) 15.8%
2 393 23.5% (18.7) 20.0%
3 329  36.4% (21.4)  33.3%
4 308 61.9% (25.5) 61.5%
5 36 374%(2274) 333%

Table 7: IOU between computed explanations and hu-
man annotations across rating categories. SD shown as
percentage points. Rating 4 shows the strongest align-
ment.

set to the number of tokens each annotator selected,
controlling for explanation length).

Table 7 shows a clear progression: Category 1
(Misleading) explanations reach only 18.1% IOU
with human selections, rising to 61.9% for Cate-
gory 4 (Similar and equally useful), and ratings
correlate significantly with overlap overall (Spear-
man p = 0.335, p < 1.3 x 1073%). Subjective
ratings are thus grounded in token-level alignment,
though the moderate coefficient indicates overlap
is not the sole driver; presentation clarity and cog-
nitive load also shape judgments. This yields an
initial, setting-specific calibration of overlap levels
to perceived quality for bi-encoder claim matching,
not a task-general threshold.

Inter-Annotator Agreement. Agreement on text
selection was substantial (mean x = 0.667), vali-
dating the human annotations used for plausibility.
Agreement on quality ratings was moderate (mean
K = 0.389), consistent with XAl evaluations where
quality judgments are inherently preference-laden
(Herman, 2017; Kazmierczak et al., 2026). Despite
this subjectivity, ratings systematically track com-
puted token overlap (Table 7), and between-method
effect sizes (1.6-1.8 points) far exceed individual
disagreement. Detailed analysis is in Appendix E.

Statistical Robustness. Consistent with our
mixed design (method as a within-subjects fac-
tor), a repeated-measures ANOVA on participant-
level means (IN=15) confirms a highly significant

method effect (F(4,56) = 92.55, p < 10723, par-
tial %=0.869), corroborated by a non-parametric
Friedman test (x2(4) = 48.0, p < 107%). The
large effect size (Cohen’s f=0.919) reflects our de-
liberate selection of ranking extremes; we use it for
prospective sample planning (G*Power sensitivity
analysis, Appendix F) rather than uninformative
post-hoc power (Hoenig and Heisey, 2001). To-
gether with the IOU calibration and the 1.62-point
between-method gap, this supports the robustness
of our comparative findings.

8 Conclusion

This work evaluates whether quantitative XAI
metrics align with human perception of explana-
tion quality for attribution-based methods in claim
matching using a bi-encoder retrieval architecture.
Our findings address the research questions posed
in Table 1:

RQ1. The top-ranked method (Occlusion) is con-
sistently rated most useful for understanding the
claim-post match, while the lowest-ranked (Con-
servativeLRP) is judged misleading (a 1.62-point
gap), and ratings correlate significantly with token-
level overlap (p=0.335), which the IOU calibra-
tion (Table 7) maps to perceived-quality categories.
Both metrics capture meaningful aspects of human-
perceived quality in this setting.

RQ2. Post-processing improves fidelity and
plausibility together (Table 4) and lifts human rat-
ings, with smoothed Occlusion rated highest over-
all. No prohibitive tradeoff exists: interpretability
can be improved at the presentation level without
sacrificing fidelity.

RQ3. Quantitative metrics reliably separate
the strongest from the weakest methods, flagging
clearly helpful and inadequate ones without costly
human evaluation. Since practitioners deploy the
top-ranked method, we validate this top-versus-
bottom boundary (the decision that matters in prac-
tice) and leave finer-grained discrimination among
mid-ranked methods to future work.
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Limitations

Task and model specificity. Our analysis targets
claim matching with a bi-encoder retrieval archi-
tecture. Although claim matching is central to au-
tomated fact-checking, the observed metric-human
alignment may not generalize to other tasks (e.g.,
generation, structured prediction) or to architec-
tures with richer token-level interactions. Cross-
encoders with joint attention could yield qualita-
tively different attributions (richer negative contri-
butions and finer-grained importance) but require
encoding every query—document pair at inference,
which is prohibitive for large-scale retrieval against
thousands of fact-checked claims (Reimers and
Gurevych, 2019; Thakur et al., 2021). Bi-encoders
remain dominant precisely because pre-computed
claim embeddings enable sub-linear search, so our
evaluation covers the architecture most relevant to
deployed systems; extending it to cross-encoder
reranking stages is a natural next step.

Scope of human evaluation. Our user study in-
volves 15 participants rating 100 pairs across 5 con-
ditions. Although the between-method effect sizes
are large (1.62 points on a 5-point scale) and ro-
bust under repeated-measures testing (Section 7), a
sensitivity analysis treating the observed effect (Co-
hen’s f=0.919) as a pilot estimate suggests /N~45
participants for 0.80 power in future replications.
Participants were university students and volun-
teers rather than professional fact-checkers; while
identifying claim-relevant text needs no domain
expertise, professionals may hold different thresh-
olds for explanation utility. Because we test only
the ranking extremes (best vs. worst method, post-
processed variants, and a random baseline) to vali-
date the AutoXAI recommendation scenario, our
results show that metrics separate these extremes
but not whether mid-scoring methods (e.g., Gra-
dient SHAP, LIME, GAE) track human judgment
monotonically, a natural extension. For the same
reason, the IOU-to-perceived-quality calibration in
Section 7 is a preliminary baseline specific to this
task and architecture; transferable overlap thresh-
olds would require broader evaluation and larger
samples.

Metric coverage. We evaluate alignment for
fidelity (AOPC-based) and plausibility (overlap-
based) metrics, which are the two dimensions most
commonly used in AutoXAI method selection.
Other evaluation dimensions such as stability, ro-

bustness, or contrastivity (Nauta et al., 2023) were
not included and may exhibit different alignment
patterns with human judgment.

Downstream task performance. While our Lik-
ert scale captures task-relevant judgments (e.g.,
whether explanations are “misleading” or “use-
ful” for understanding claim-post matches), we
do not measure downstream effects on decision
accuracy, speed, or confidence calibration. Once
metric-human alignment is established, as our re-
sults suggest, the natural next step is a controlled
study measuring whether AutoXAl-recommended
explanations improve fact-checker performance rel-
ative to no-explanation or low-ranked-explanation
conditions, building directly on the method selec-
tion validated here.

Ethical Considerations

Al Writing Assistance Large language models
were used to assist with grammar checking and
sentence structure improvements.
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A Mixed Design Advantages

Our user study employs a mixed experimental
design: XAI method is a within-subjects factor
(each participant rates all five methods), while the
method-to-pair mapping is a between-subjects fac-
tor (varying across the five groups). Presenting
only one method per claim-post pair per participant
offers several advantages:

* Eliminates within-pair comparison effects.
Participants evaluate each claim-post pair with
a single explanation, without being influenced
by alternative explanations for the same con-
tent, avoiding anchoring bias or carryover ef-
fects at the pair level

Naturalistic evaluation. Mirrors real-world
usage where users encounter a single expla-
nation for each piece of content, providing
ecologically valid insights into explanation
effectiveness

Reduces cognitive load. Participants focus
on evaluating one explanation per claim-post
pair without needing to compare multiple ex-
planation styles for the same content, reducing
fatigue

L]

Enables inter-annotator agreement analy-
sis. Within each group, multiple participants
(3 per group) evaluate identical method-pair
combinations, enabling reliability assessment
of human judgments

Controls for text difficulty. Because method-
to-pair mappings vary across groups, each pair
is evaluated under different methods, separat-
ing method effects from item difficulty

B Annotation Guidelines with Likert
Scale for Explanation Quality and
Participant Information

B.1 Participant Demographics

The user study was conducted with 15 annotators
comprising university students and volunteers who
participated without financial compensation. All
participants provided informed consent and were
briefed on the study objectives and procedures be-
fore beginning the annotation task.

B.2 Annotation Guidelines

Participants received the following instructions for
the annotation task:

Background The purpose of this annotation is to
evaluate and improve the quality of automated text
explanations generated by Explainable Al (XAI)
methods in the context of fact-checking social me-
dia posts. We have created a pipeline that generates
visualizations of important parts of social media
posts that align with fact-check claims. "Visual-
ization" (Explanation from XAI method) contains
two types of colors: white and green, where green
indicates the relevance of the text to the fact-check
claim, and white indicates that the given part of the
post is not relevant to the fact-check claim. Less
intense shades of green indicate that the word is
less important for the explanation.

Task Your task will be divided into two parts:

1. Annotate text: The first part will contain the
post-claim pair. As part of our evaluation of
the explanation, please highlight which part
of the post matches with the fact-check claim.
This means that you will search for words and
context in social media posts that were the
reason for linking the claim to the post. You
will mark by clicking on specific words. (You
can also hold and drag the correct parts of the
words.) We recommend using a PC mouse for
this task.

2. Evaluate the explanation created by Al:
Your evaluation will be on a Likert scale from
1 to 5, where you will rate whether the ex-
planation sufficiently expresses the match be-
tween the claim and the post. Try to interpret
the post as the user intended.

Participants rated explanation quality using a
5-point Likert scale with the anchors depicted in
Table 8:

C AOPC Fidelity Metrics Interpretations

The following section analyzes the AOPC fidelity
metrics for XAl methods depicted in the figure 4

For Comprehensiveness The evaluation proto-
col shows the beginning with the complete post-
claim pair and progressively removes tokens ac-
cording to their attributed importance. It first re-
moves negatively attributed tokens (on the left side
of the x-axis) and then positively attributed tokens
(on the right side). Removing tokens with neg-
ative attributions fails to impact similarity for all
methods. Instead, similarity remains approximately
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Score Description

1 Misleading - Al text passages are misleading and do not
highlight anything relevant to the claim
2 Somewhat misleading - Al text passages may partially make
sense, but they do not highlight relevant information
3 Different but somewhat useful - Al text passages highlight
partially different sections from mine, but the information is somehow relevant
4 Similar and equally useful - Al text passages’ highlights are
almost identical to mine and equally helpful
5 Superior - Al text passages highlight relevant information

I missed or present it more clearly

Table 8: Likert scale for evaluating XAl explanation quality
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(b) Sufficiency

Figure 4: AOPC fidelity metrics for XAl methods. Tokens are removed/added in order of attribution magnitude
(negative first, positive second for comprehensiveness, positive first, negative second for sufficiency) in 10% chunks.

constant or shows minimal, inconsistent changes.
After the transition, when methods begin remov-
ing positively attributed tokens, we observe the
degradation in similarity while saliency achieves
the steepest decline. demonstrating it successfully
identifies tokens that contribute to similarity.

For Sufficiency The evaluation protocol begins
with an empty string post and progressively adds
tokens according to their attributed importance.
Firstly, positively attributed tokens (on the left
side of the x-axis) are inserted, then negatively
attributed tokens follow (on the right side). The
sufficiency results demonstrate similar fidelity com-
pared to comprehensiveness, particularly for iden-
tifying positive features. Attribution methods can
successfully identify these features because the
model’s learned behavior involves building up se-

mantic representations from constituent tokens.
Adding tokens with high positive attributions thus
reconstructs the semantic content the model relies
upon for matching.

C.1 Baseline Similarity and Embedding Space
Geometry

The baseline similarity (orange line) serves as a ref-
erence point for interpreting meaningful changes in
cosine values. The high baseline similarity (0.885)
between empty strings as inputs and claims reflects
the concentration-of-measure phenomenon in high-
dimensional spaces. In the high-dimensional em-
bedding spaces (multilingual-e5-large, T5-large),
learned representations cluster within a narrow re-
gion, resulting in a narrow operational range of
cosine similarity units. This concentration is a
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natural consequence of both the curse of dimen-
sionality and the model’s learned semantic space,
where texts share common linguistic and thematic
features. The XAl methods must therefore identify
features that contribute to subtle but meaningful dis-
tinctions within this compressed similarity range.

C.2 Understanding Negative Attribution
Behavior

The uniform failure of negative attributions across
all methods, including both gradient-based and
model-agnostic approaches, suggests that this is
not method-specific but rather reflects the funda-
mental characteristics of the semantic similarity
task and the bi-encoder architecture.

Bi-Encoder Architecture and Token Indepen-
dence. What attribution methods identify as 'neg-
ative’ features are tokens whose embedding rep-
resentations are misaligned with the claim embed-
ding in vector space. Because bi-encoders pro-
cess texts independently, these tokens cannot be se-
mantically oppositional in the way cross-encoders
can represent contradiction through joint attention.
They simply contribute embeddings pointing in less
favorable directions.

Mean Pooling Effects. Under the bi-encoder for-
mulation, removing individual tokens, even those
intuitively expected to reduce semantic similarity,
has a limited effect on the resulting sentence embed-
ding. Mean pooling aggregates token embeddings
into a single centroid, and token removal generally
induces small, local perturbations rather than sub-
stantial changes in embedding direction. Within
the compressed similarity regime (baseline 0.885),
removing negatively attributed tokens is unlikely to
shift the post-embedding sufficiently far from the
claim embedding to be considered a meaningful
change.

Positive vs. Negative Attribution Fidelity. At
the same time, positively attributed tokens tend
to be directionally aligned with the claim embed-
ding and therefore contribute additively to cosine
similarity. This makes their removal more likely
to induce a measurable decrease in similarity de-
spite the same pooling and geometric constraints.
This asymmetry explains why positive attributions
demonstrate higher fidelity than negative attribu-
tions in bi-encoder architectures.
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D Post-processing Analysis Details

This appendix expands on the results in Table 4; the
post-processing strategies themselves are defined
in Section 3.1.

D.1 ConservativeLRP Post-processing
Analysis

For ConservativeLRP, clustering-based methods
(GMM and K-means) with L2 normalization
achieved the best performance, improving the base-
line method’s average score from 0.580 to 0.743.
This represents a 28% improvement, driven primar-
ily by dramatic gains in plausibility (from 0.283
to 0.547) alongside modest fidelity improvements
(from 0.877 to 0.939).

The enhancement in both dimensions challenges
the common assumption that improving human-
perceived quality necessarily degrades fidelity to
model behavior. The improvements are particularly
pronounced for ConservativeLRP, which initially
exhibited weaker plausibility, suggesting that post-
processing serves as a crucial bridge between raw
model attributions and human-interpretable expla-
nations for methods with initially poor perceived
quality.

D.2  Occlusion Post-processing Analysis

For Occlusion, smoothing-based methods with
mean normalization proved most effective, with the
smoothing algorithm achieving the highest average
score of 0.837. Post-processing improved the base-
line Occlusion method from 0.776 to 0.837, repre-
senting an 8% gain. Notably, plausibility increased
substantially (from 0.659 to 0.724), while fidelity
also improved (from 0.893 to 0.951), further con-
firming that the fidelity-plausibility tradeoff can be
mitigated through appropriate post-processing.

The smaller relative improvement for Occlusion
compared to ConservativeLRP reflects that Occlu-
sion already had a strong baseline performance.
Nevertheless, the consistent improvements across
both dimensions validate that post-processing tech-
niques effectively refine attribution patterns to align
with human cognitive units while preserving the
underlying attribution mechanism.

D.3 Why Post-processing Improves Fidelity

The improvement in fidelity through post-
processing may appear counterintuitive, since post-
processing does not alter which tokens the XAI
method identified as important. It only refines how



attribution scores are presented. The explanation
lies in how AOPC fidelity metrics operate: they
evaluate perturbation impact in 10% incremental
chunks, selecting the top-k tokens by attribution
magnitude at each step. When raw attributions scat-
ter importance across many noisy tokens, the top-
10% selected for removal may include low-signal
tokens, diluting the measured fidelity signal. Post-
processing techniques such as smoothing and clus-
tering concentrate attribution mass onto genuinely
important spans by averaging neighboring scores or
discretizing into coherent groups. This makes top-
k token selection more precise, the tokens selected
at each perturbation step are more likely to be truly
important, producing a larger measured prediction
change. Importantly, post-processing does not “in-
vent” a better XAl method, it refines the presenta-
tion of an existing attribution signal, analogous to
how SmoothGrad (Smilkov et al., 2017) reduces
gradient noise to produce cleaner saliency maps
without altering the underlying model.

E Inter-Annotator Agreement Analysis

We report detailed inter-annotator agreement statis-
tics for both text selection and explanation quality
ratings.

Text selection agreement. Cohen’s Kappa for
text selection (which tokens participants high-
lighted as relevant) averaged x = 0.667 across
annotator pairs within groups. This substantial
agreement indicates that participants shared a con-
sistent understanding of which post segments are
relevant to claims, supporting the reliability of user
annotations as a reference for plausibility evalua-
tion.

Rating agreement. Agreement on Likert-scale
quality ratings averaged x = 0.389. This moderate
level is consistent with the inherently subjective
nature of explanation quality assessment. Several
factors contribute to this variability: (1) partici-
pants may apply different internal thresholds for
what constitutes “useful” versus “somewhat useful”
explanations, (2) individual differences in domain
knowledge affect which information is perceived
as critical, (3) the granularity of a 5-point scale
amplifies disagreement when adjacent categories
(e.g., 3 vs. 4) represent subtle distinctions. Im-
portantly, when ratings are collapsed into binary
categories (ratings <2 vs. >3, i.e., “misleading” vs.
“at least somewhat useful”), agreement increases

substantially, confirming that annotators converge
on the broader quality assessment even when they
disagree on fine-grained distinctions.

Robustness despite moderate agreement. The
systematic relationship between ratings and com-
puted IOU (Table 7), where IOU increases from
18% to 62% across rating categories, demonstrates
that individual ratings, despite moderate inter-
annotator agreement, meaningfully track genuine
quality differences. The large between-method ef-
fect sizes (1.6-1.8 Likert points) exceed the noise
from individual disagreement by a substantial mar-
gin, ensuring that our comparative conclusions are
not driven by annotator idiosyncrasies.

F Statistical Power and Robustness
Analysis

Repeated-measures analysis. Each of the 15
participants evaluated all five XAl methods across
100 post-claim pairs (~20 pairs per method), with
method-to-pair assignments randomized within
groups (Section 5). We computed participant-level
mean ratings per method and applied a repeated-
measures ANOVA, which accounts for within-
subject correlation by partitioning subject variance
from the error term. Results: F'(4,56) = 92.55,
p = 5.29 x 10~24, partial 2 = 0.869. A non-
parametric Friedman test yielded x%(4) = 48.0,
p = 9.44 x 10710, Both tests confirm that between-
method differences are not attributable to individ-
ual annotator variation.

Post-hoc pairwise comparison. To identify
which specific methods differ, we ran Holm-
corrected pairwise Wilcoxon signed-rank tests on
the participant-level mean ratings (N = 15), the
non-parametric repeated-measures counterpart of
the Friedman omnibus above. Table 9 reports
the adjusted p-values. The tests partition the five
methods into three homogeneous tiers (denoted
a > b > cin Table 5): the two Occlusion vari-
ants are mutually indistinguishable (p = 0.55)
and each significantly exceeds every other method;
ConservativeLRP+GMM and Random do not dif-
fer significantly (p = 0.55); and ConservativeLRP
is rated significantly below every other method, in-
cluding Random (p = 0.031). An item-level anal-
ysis treating each of the 100 claim-post pairs as a
block (each pair rated under all five methods) re-
produces the same tier structure, with the Random
vs. ConservativeLRP distinction strengthened to
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p < 0.001. As a parametric cross-check, a paired
t-test between the two focal methods (Occlusion
vs. ConservativeLRP) on participant-level means
yields t(14) = 19.1, p = 2.0 x 10~ (mean differ-
ence 1.62 points), confirming that the gap reported
in Section 7 is robust at the participant level.

Occ+sm Occl GMM Rand
Occlusion 0.55
ConservLRP+GMM  <0.001 <0.001
Random <0.001  <0.001 0.55
ConservativeLRP <0.001 0.003 <0.001 0.031

Table 9: Holm-corrected pairwise Wilcoxon signed-rank
p-values on participant-level mean ratings (N = 15).
Occ+sm = Occlusion+smooth alg., Occl = Occlusion,
GMM = ConservLRP+GMM, Rand = Random. Non-
significant pairs (p > 0.05) fall within the same homo-
geneous subset in Table 5.

Sensitivity analysis for replication planning.
Following Hoenig and Heisey (2001), we do not
interpret post-hoc achieved power for the signif-
icant result above, instead, we use the observed
effect size as a pilot estimate for prospective sam-
ple planning. Cohen’s f was computed from the
rating distributions in Table 6: we derived group-
level variances from the observed Likert distri-
butions, computed the pooled within-group stan-
dard deviation, and calculated f as the ratio of
the weighted between-group standard deviation to
the pooled within-group standard deviation, yield-
ing f=0.919. Using G¥*Power (Figure 5), we esti-
mate that approximately N=45 participants (k=5,
a=0.05) would provide 0.80 power to detect effects
of this magnitude. This estimate uses a between-
subjects parameterization and is therefore conser-
vative for a repeated-measures design.

G LLM Annotation Protocol

To enable large-scale hyperparameter optimization,
we generated explanation annotations for 5,874
post-claim pairs using GPT-4.1.

G.1 Annotation Quality Assessment Levels

We evaluated LLLM-generated annotations on a 4-
level ordinal scale:

* Level 0 (Wrong): The annotation is missing
or completely inaccurate. Does not provide
any meaningful information or context. Fails
to address the core elements of the post/claim.

G*Power 3.1

Central and noncentral distributions | Protocol of power analyses

critical F = 3,478

02 S — 1L
SR aa—

o5 1 15 2 25 3 35 4 45 5 55 &

Test family Statistical test

F tests e ANOVA; Fixed effects, mnibus, one-way a

Type of power analysis

Post hoc: Compute achieved power - given o, sample size, and effect size a

Input parameters Output parameters

Determine 0,819 Noncer

trality parameter A 126684150

0,08 Critical F 3,4780497

15 Numerator df 4

5 Denominator df 10

Power (1-B err prob) 06074356

Figure 5: G*Power output for retrospective power anal-
ysis (one-way ANOVA, a=0.05, k=5, N=15, f=0.919).
Achieved power = 0.607.

* Level 1 (Basic): The annotation is present
but lacks detail and clarity. Provides mini-
mal information and may partially address the
post/claim. Requires significant improvement
to be fully useful.

* Level 2 (Adequate): The annotation is clear
and provides sufficient information. Ad-
dresses the main elements of the post/claim
reasonably well. Could benefit from addi-
tional details or minor adjustments.

* Level 3 (Comprehensive): The annotation
is thorough and highly accurate. Provides
complete and detailed information. Fully ad-
dresses the post/claim and exceeds expecta-
tions in clarity and usefulness.

G.2 Annotation Procedure

Sample and Annotators We randomly sampled
100 post-claim pairs from our annotated dataset for
evaluation. Three independent annotators assessed
each pair’s LLM-generated annotation quality. All
annotators received the same annotation guidelines
and examples of each quality level.

G.3 Inter-Annotator Agreement Metrics

Primary Metrics We report Krippendorff’s «
= 0.291 as our primary agreement metric, as it
appropriately accounts for the ordinal nature of
our scale (Krippendorff, 2019). This fair agree-
ment (0.20 < o < 0.40) is consistent with pub-
lished benchmarks for subjective quality assess-
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Metric Value Interpret.
Krippendorff’s « (ordinal) 0.291 Fair
Fleiss’ x 0.282 Fair
Mean Cohen’s k., (quadratic) 0.289 4+ 0.117 Fair
ICC(2,1) 0.293 Poor
ICC(2,k) 0.555 Fair
Exact agreement (%) 48.5 -
Adjacent agreement (%) 78.2 -
Within 2 levels (%) 96.0 -

Table 10: Inter-annotator agreement metrics for LLM
annotation evaluation (n = 101 samples, 3 annotators).
Interpretations follow Landis and Koch (1977) for s and
a, and Cicchetti (1994) for ICC.

ment tasks (Artstein and Poesio, 2008; Aroyo and
Welty, 2015).

Agreement Rates Exact agreement (all 3 annota-
tors assigned the same level) was achieved in 48.5%
of cases. Adjacent agreement (ratings within +1
level) reached 78.2%, demonstrating that annota-
tors generally agreed on quality ranges even when
exact ratings differed. Nearly all cases (96.0%)
were within £2 levels.

G.4 Rating Distribution

Annotator Level 0  Level 1 Level 2 Level 3

No.1 1(1.0%) 9(8.9%) 22(21.8%) 69 (68.3%)
No.2 3(3.0%) 13(12.9%) 23 (22.8%) 62 (61.4%)
No.3 1 (1.0%) 13 (12.9%) 22 (21.8%) 65 (64.4%)
Overall 5(1.6%) 35(11.6%) 67 (22.2%) 196 (64.6%)

Table 11: Distribution of quality ratings across annota-
tors. All annotators showed similar distributions with
strong positive skew toward Level 3 (Comprehensive).

All three annotators showed similar rating dis-
tributions, with 61-68% of annotations rated as
Level 3 (Comprehensive), suggesting generally
high-quality LLM-generated annotations. Level
0 (Wrong) was rare (1-3% of ratings), indicating
that LLLM annotations typically provided at least
basic useful information.

G.5 Implications for Annotation Quality
The fair agreement (o = 0.291) and high adjacent
agreement (78.2%) indicate that:

1. Annotators showed conceptual alignment on
annotation quality despite some boundary un-
certainty between levels.

2. The 4-level scale captures meaningful qual-
ity distinctions, particularly for identifying

clearly inadequate (Levels 0-1) versus ade-
quate or excellent (Levels 2-3) annotations.

3. Aggregating judgments from multiple anno-
tators (ICC(2,k) = 0.555, fair) provides more
reliable quality estimates than individual judg-
ments.

4. Most disagreements occur at adjacent bound-
aries (e.g., Level 2 vs. 3), suggesting that ex-
act level assignment is challenging but broad
quality categories are more reliable.

- The prompting strategy used - How you in-
structed the LLM to highlight relevant tokens

H Hyperparameter Optimization
Configuration

Figures 6, 7, and 8 present the complete hyperopti-
mization configuration used in the o-MEGA frame-
work, covering general pipeline settings, model-
specific layer and function mappings, and method-
specific hyperparameter search spaces, respec-
tively.

# Part 1: General Configuration
Hyperoptimalization_parameters:
rationale_path: "path/to/plausibility_annotations”
task: 'post_claim_matching'
dataset: "path/to/dataset”
model_path: "intfloat/multilingual-e5-large”
embeddings_module_name: "embeddings.
word_embeddings”

methods: ["GAE_Explain”, "Occlusion”, "Input X
Gradient”,
"Guided Backprop"”, "Feature Ablation”, "
Kernel Shap",
"Gradient Shap”, "Lime", "Saliency”, "

ConservativeLRP"]
normalizations: ["without_normalize”]
explanation_maps_token: True
plausability_weight: 0.5
faithfulness_weight: 0.5
multiple_object: False

Figure 6: General hyperoptimization configuration pa-
rameters for XAI methods evaluation.

I User Study Annotation Tool Interface

The annotation tool used in the user study presents
participants with a claim-post pair and allows them
to mark relevant portions of the post text. The
interface consists of three main sections:

1. Claim: Displays the fact-checked claim that
needs to be matched with the post content.

2. Post: Shows the social media post text. Partic-
ipants can select text by clicking on individual
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# Part 2: Model-Specific Parameters
model_param:
Lime:
similarity_func:
function_name:
- captum.attr._core.lime.
get_exp_kernel_similarity_function
parameters:
distance_mode: ["cosine”, "euclidean”]
kernel_width: [450, 750]
interpretable_model:
function_name:
- captum._utils.models.linear_model.
SkLearnLasso
parameters:
alpha: [1e-19, 1e-25]

LayerGradientXActivation:
layer:
- [model.get_embedding_layer]
multiply_by_inputs: true

GAE_Explain:
implemented_method: true
layers:
module_path_expressions:
- "hf_transformer.encoder.layer.*.attention.
self.dropout”

ConservativelLRP:
implemented_method: true
layers:
store_A_path_expressions:
- "hf_transformer.embeddings"”
attent_path_expressions:
- "hf_transformer.encoder.layer.*x.attention.
self.dropout”
norm_layer_path_expressions:
- "hf_transformer.embeddings.LayerNorm”
- "hf_transformer.encoder.layer.*x.attention.
output.LayerNorm”
- "hf_transformer.encoder.layer.*.output.
LayerNorm"”

Occlusion_word_level:
implemented_method: true

Figure 7: Model-specific parameters for XAl methods
hyperoptimization.

words or phrases. Selected text is highlighted
in gray, and token indices are displayed below
for reference.

3. Explanation: This section is revealed only af-
ter participants submit their text selection. It
displays the X Al-generated explanation with
highlighted tokens in green, allowing partic-
ipants to compare their manual annotations
with the computed attributions.

The two-step evaluation process ensures that par-
ticipants first provide their independent judgment
before being exposed to the Al-generated expla-
nations. This design prevents anchoring bias and
allows for genuine assessment of explanation qual-
ity. Participants can then rate whether the XAlI-
highlighted text passages sufficiently express the
match between the claim and post using the Likert
scale questionnaire.
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# Part 3: Method-Specific Parameters
method_param:
Lime:
parameters:
n_samples: [80, 90]
token_groups_for_feature_mask: true

Saliency:
parameters:
abs: [true, false]

Occlusion:
parameters:
sliding_window_shapes:

- [3, 1024]

- [5, 1024]
strides:

- [1, 1024]

- [1, 512]

compute_baseline: true

Gradient Shap:
parameters:
stdevs: [0.1, 0.9]
n_samples: [10, 15]
compute_baseline: true

Kernel Shap:
parameters:
n_samples: [80, 90]
compute_baseline: true

Feature Ablation:
token_groups_for_feature_mask: true
compute_baseline: true

Occlusion_word_level:
parameters:
regex_condition:

nn

L TR
Integrated Gradients:
parameters:
n_steps: [60, 40]

Figure 8: Method-specific parameters for XAl hyper-
optimization including sampling, baseline computation,
and technique-specific settings.




