1. INTRODUCTION AND BACKGROUND

In today’s society, claims are everywhere, in the online and offline
world. Fact-checking models can check these claims and predict if a
claim is true or false, but how can these models be checked?

Explainable Artificial Intelligence (XAI) can offer a solution here.
Two XAl approaches were used in our research:

1. The post-hoc feature attribution methods. They give scores
indicating the influence of the individual tokens on the model’s
decision-making; see Figure 1.

2. Another XAI approach is to make a model
interpretable-by-design, like ExPred [1]. This kind of model
gives an explanation for every prediction.

The research question for our research is:
How do feature attribution methods for XAI compare with each
other in the context of fact-checking models using ExPred [1]?

Claim: Harris Jayaraj is Indian. Prediction: Supports

harris jayaraj - Irb - born 8 january 1975 - rrb - is an [india
i film composer from chennai , tamil nadu . he composes sc

Figure 1: The figure shows how the explanations were presented in the survey (the user study). The
claim and prediction are offered at the top. At the bottom, a heatmap on the context is presented.
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Understandability — Insightfulness  Rely on the Model  strongly agree” - There is no consensus among the explanations from the

feature attribution methods.

- Integrated Gradients seems to outperform LIME and Kernel
SHAP in the pseudo ground truth and human-grounded
evaluation, but maybe this is only the case due to the number

I I | l I of iterations.
. HEEN SN . . W . . For future research, it would be beneficial to run more instances

Question 1 Question 2 Question 3 and more iterations per instance.
Additionally, it would be beneficial to see if similar results are
achieved for other tasks and models.
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