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Abstract. The global spread of misinformation and concerns about con-
tent trustworthiness have driven the development of automated fact-
checking systems. Since false information often exploits social media dy-
namics such as “likes” and user networks to amplify its reach, effective
solutions must go beyond content analysis to incorporate these factors.
Moreover, simply labelling content as false can be ineffective or even
reinforce biases such as automation and confirmation bias. This paper
proposes an explainable framework that combines content, social me-
dia, and graph-based features to enhance fact-checking. It integrates a
misinformation classifier with explainability techniques to deliver com-
plete and interpretable insights supporting classification decisions. Ex-
periments demonstrate that multimodal information improves perfor-
mance over single modalities, with evaluations conducted on datasets in
English, Spanish, and Portuguese. Additionally, the framework’s expla-
nations were assessed for interpretability, trustworthiness, and robust-
ness with a novel protocol, showing that it effectively generates human-
understandable justifications for its predictions. The code and experi-
ments are available at https://github.com/MeLLL-UFF/mu2X/.

Keywords: Explainability - Interpretability - Fact-checking - Misinfor-
mation Detection - Multi-modality - Graph Neural Networks

1 Introduction

The transition from traditional print media to digital platforms has transformed
news consumption, with social networks (e.g., Reddit, Twitter, Facebook, What-
sApp, TikTok) becoming primary news-sharing platforms. Recent studies demon-
strate this shift’s magnitude: Pew Research Center’s 2021 report! reveals 48%
of U.S. residents rely on social networks for news, while Statista’s Latin Amer-
ica Dossier? indicates approximately two-thirds of surveyed individuals in Ar-
gentina, Brazil, Chile, and Mexico primarily consume news through social me-

! https://www.pewresearch.org/journalism/2021/09/20/news- consumption-across-social-media-in-2021/

2 https://wuw.statista.com/topics/8083/news-in-latin-america
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dia. This democratisation of information-sharing, while enabling universal con-
tent creation, has led to widespread misinformation. The impact is particularly
evident in recent elections and the COVID-19 pandemic, where the lack of dis-
tinction between traditional and user-generated content has contributed to sig-
nificant political and social challenges [1,7,40].

A prevalent method for addressing misinformation is the use of fact-checking
organisations (such as the British Full Fact, the Brazilian Aos Fatos, and the
Argentine Chequeado). These organisations typically rely on various sources and
documents, usually encompassing images, videos, and text covering a diverse set
of topics and international protocols®. They employ human assessment of the
credibility of social media claims and news articles, which is time-consuming
and often a bottleneck in providing verified, trustworthy information.

To address scalability challenges associated with manual fact-checking, sev-
eral studies [8,10,12,21,24,25,27,30-32,35,37] have proposed methods for auto-
matic fact-checking of social media content. For instance, [27] have introduced
a multimodal approach for detecting COVID-19-related misinformation on Tik-
Tok. Additionally, [20] developed a resource known as MuMiN, which establishes
connections between claims and Twitter posts. These automated approaches aim
to streamline the fact-checking process and enhance scalability by providing clas-
sification approaches and resources (e.g., large-scale datasets) that effectively fill
gaps in existing misinformation detection mechanisms.

Whilst aforementioned automatic fact-checking systems improves scalability,
they often lack a crucial component: explainability [2,17,36], which is essential for
user trust and legal compliance. Recent studies propose explainable frameworks
for fake news detection [4,16,29] and multimodal misinformation detection [28,
39]. However, none of these approaches integrates multiple languages, content
types, and social media features, nor do they provide a robust and comprehensive
evaluation of their explainability.

This work introduces mu2X, a framework for addressing fact-checking in so-
cial media posts from multimodal, multilingual, and explainable perspectives.
mu2X tackles explainable misinformation detection from complete and inter-
pretable aspects, as defined by [6]. An interpretable explanation describes the
system’s inner workings in a manner that humans understand; it must gener-
ate sufficiently straightforward explanations for an individual to grasp, employ-
ing terminology that resonates with the user. A complete explanation describes
the system’s inner workings precisely; it must generate explanations that facili-
tate the anticipation of behaviours across a broader range of scenarios. Striking
a balance between interpretability and completeness is challenging, since the
most precise explanations are frequently less straightforward for individuals to
grasp [6]. Conversely, the most easily understandable explanations often lack the
ability to offer a more detailed understanding of the system’s behaviour and so
to offer predictive insights that inform decision-making.

Our work leverages the explanations from two post-hoc model-agnostic ex-
plainability frameworks to (i) enhance awareness of the relevant features that led

3 https://wuw.ifcncodeofprinciples.poynter.org/
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to a classification — contributing towards completeness; and (%) enrich and com-
bine the resulting explanations regarding the multiple modalities considered —
contributing towards interpretability. In particular, our framework incorporates
multiple modalities presented in social media posts by combining the posts’ local
network information, textual content, and related metadata to detect misinfor-
mation whilst tackling the well-known lack of explainable classifications.

As shown in Fig. 1, the proposed framework comprises three main modules:
(i) Post Encoding Module, where the posts’ contents are encoded into multi-
modal vector representations; (i7) Misinformation Detection Module, where the
encoded representations are subjected to a graph-based classifier model to clas-
sify the posts as factual or misinformation; and (%ii) Classification Explainability
Module, where we employ graph-based and text-based explainable frameworks
and combine their outcomes to explain the classification, whilst using the mul-
timodal context to maintain the interpretability of generated explanations.

Our experiments employ the MuMiN dataset, to the best of our knowledge,
the only multimodal, multilingual, and multi-topical Twitter-based knowledge
base. Our goal is to assess mu2X’s misinformation detection and explanations
capabilities regarding its interpretability, trustworthiness, and robustness. Our
findings show that combining different data modalities improves overall misin-
formation detection, and the explainable setting enables interpretable, reliable,
and robust explanations.

2 Related Work

In recent years, substantial endeavors have been put into automatically detect-
ing misinformation [1,4,7,8,10,12,15,16,18,20,24,25,27-32,35,37,39,40|. In the
present section, we review methods of misinformation classification concerning
the covered modality and explainable capabilities. We highlight work that dis-
cusses a similar holistic view of misinformation classification in social networks,
addressing both the multimodal aspect of information and the explainability of
the output classification.

Misinformation Detection. Most contemporary methods for automated mis-
information classification are based on single-modality content, neglecting the
multimodal nature of news items. For instance, [30,31] address misinforma-
tion detection by a method centered around hierarchical propagation networks,
[10] uses graph neural networks supported by external knowledge, [35] rely on
word embeddings over linguistic features, [12] use leverage reinforcement learning
for fact-checking textual content, and [24] and [32] encode visual information to
identify fake and manipulated information. Some recent work also identifies the
benefit of encoding multimodal data to tackle misinformation detection [1]. [18]
and [20] propose multimodal (image, text, and relational information) datasets
for misinformation detection based on Reddit and Twitter posts, respectively. [8]
introduce a new multimodal and multilingual dataset of misleading articles,
training a model that leverages novelty detection and emotion recognition to
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detect fabricated information. [37] propose using multi-reading habits fusion rea-
soning networks to capture inconsistencies between different types of modalities
for news items.

Explainable Misinformation Detection. The decision-making process of
identifying a post or news as misinformation or not goes beyond simply classify-
ing it as such. Providing explanations is of foremost importance to prompt hu-
man confidence in the classification. To that end, [4] and [29] propose DEFEND,
one of the first explainable methods for detecting fake news articles. [15] tailor a
domain-specific approach for automated fact-checking of claims regarding public
health, whilst providing local model-agnostic explainability using LIME [26]. In
the same domain, [27] and [16] propose explainable methods to detect misin-
formation related to the COVID-19 pandemic on TikTok’s short videos and a
knowledge-graph-based crowdsourced dataset. Closest to our work, [28] propose
DGExplain, an explainable multimodal framework based on texts and images
for COVID-19 misinformation detection. Finally, a multimodal and multi-topical
dataset of articles and a model to automate misinformation fact-checking and
provide explanations were recently proposed by [39]. Their explainable approach
consists of generating a ruling statement using text evidence, the model predic-
tion, and the input claim and conducting a policy learning process.

Our work advances existing research by incorporating relational informa-
tion and relations’ metadata, leveraging multiple languages, and being domain-
agnostic. We also contrast by considering the interpretability of the explanation,
an aspect overlooked in prior research, and focus on social media content classi-
fication comprehensibility and explainability.

3 Method

This section introduces mu2X, our multimodal and multilingual explainable
framework. Our primary goal is to offer an end-to-end solution for this task,
highlighting key features that explain the classification, thus enabling better hu-
man comprehension. This section covers the problem definition. Following this,
we offer an overview of the components within mu2X. Lastly, we present the
implementation of the components forming this framework.

3.1 Problem Statement

We define a post-node P; = (T, Gk, M, lang), where T is the textual content; Gy,
defines the local k-hop network connections of the post, such as replies, quotes,
and re-posts; M is the post’s shallow metadata set, which includes, for example,
the tweet’s owner, the number of likes, the location, etc; and lang is the language
in which the tweet was originally written. Our goal is for a model o to identify
and explain the most representative features within P; that lead a post to be
classified as misinformation (i.e., y; = o(P;) = 0) or fact (i.e., y; = a(P;) = 1).
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Fig.1: The proposed multi-modal and multilingual explainable framework in-
stantiated to Twitter posts. Yellow and blue elements illustrate graph-based and
text-based feature vectors, respectively.

3.2 mu2X: Multimodal and Multilingual Explainable Framework

The proposed mu2X framework comprises three main modules: (i) post-node
encoding; (74) misinformation detection; and (i) classification explainability.
Fig. 1 illustrates the instantiated framework, and each module is described in
the following.

Post Encoding Module. This module comprises the encoding of a given post-
node P; in its vector representation. The module is divided into two components
to represent two modalities: the post’s shallow metadata set M;; and its tex-
tual content 7;. The first part obtains the vector representation of the shallow
metadata features with the number of replies, quotes, and re-posts (Fig. 1).
a) The second part encompasses a language proxy defined by lang followed by
the language-specific text encoders (Fig. 1. b) The language proxy acts as a
router, assigning the post’s textual content T to a pretrained language-specific
model (LM). The pre-trained language-specific model encoder generates a vector
representation of the textual content. Finally, as described in Equation 1, both
feature vectors are concatenated to form a unique multimodal post-node vector
representation Xp,.

XP«; = fﬂ(Mv T, Zangapl)

1
= Aggregation(M) @ LMja4(T). W



6 Lourengo et al.

Misinformation Detection Module. This module aims to identify misinfor-
mation through a graph-based classifier. It leverages the post’s encoded content
Xp, with its graph connection features G to generate a vector representation
called multimodal post-node representation. To accomplish this, Equation 2 de-
fines the learning process of the multimodal post-node representation. Given a
set of post-node features, X = {Xp,, Xp,,..., Xp, }, Xp, € Gi, Xp, € RIXP: |

mp; =0 w Z ij ’ (2)
JEGK
where o is a nonlinear function, and W is a linear transformation.
Next, the multimodal post-node representation mp, undergoes a classifica-
tion process, where the probability distribution computed by a softmax function
is taken from the representation:

P(P;|ly; = 0) = softmax(mp,). (3)

Classification Explainability Module. This module explains the predicted
label by employing graph-based and text-based post-hoc explainable methods.

The graph-based method &, identifies the most important features within
the post-node’s multimodal representation (p,, as displayed in Equation 4:

Cgp, = argmin &, (softmax(mp,), Xp,), (4)

where Xp, is the local information network of the target post-node P;.
The text-based method &; generates a scoring vector (;p,, where each word
in the text is associated with a positive or negative importance score:

Ct’Pi = gt (LMlan97 T)7 (5>

where (p, € [~1,1]I7], T is the textual content of the post-node P;, and
LMjqng is the text encoding method. Finally, both explanatory factors and the
classification are provided to the user for inspection.

3.3 Framework Instantiation

This section details the mechanisms used to instantiate the previously introduced
components illustrated in Fig. 1. Here, we focus on Twitter posts, calling them
tweet-nodes.

Language Models. To encode our text features, we leverage both pre-trained
domain and language specific models. For English tweets we use HuggingFace’s
pre-trained BERTweet* model [19] as encoder; we used BERTweet.BR® for Por-
tuguese tweets and RoBERTuito [23] for Spanish tweets.

* https://huggingface.co/docs/transformers/model_doc/bertweet
5 https://huggingface.co/melll-uff/bertweetbr
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Graph-based Classifier. As misinformation classifier, we use the widely used
Graph Attention Networks (GAT) [34], followed by a softmax classifier as de-
scribed in Equation 3. As such, we compute Equation 2 employing a self-attention
Qpj, RI¥7:| % RI¥P| 5 R, mechanism over the tweet-node features:

P =0 W Z Oéijpj
JEGk

Classification Explanation. To identify the key features that contribute to
the classification, we used GraphLIME [11], a nonlinear model-agnostic expla-
nation framework that extends LIME [26] for Graph Neural Networks. This
approach uses Hilbert-Schmidt Independence Criterion (HSIC) Lasso [38] over
k-hop neighbour nodes of a given target node. Furthermore, we employ Inte-
grated Gradients [33] to assign an importance score to each word of a given
tweet’s textual content. Integrated Gradients is an axiomatic model that assigns
importance scores to individual input features. This approach consists of ap-
proximating the integral of the model’s output gradients concerning the input.

4 Experiments

We conduct experiments to show the capabilities of mu2X, our proposed multi-
modal and multilingual explainable framework. In our experiments, we measure
and assess the framework’s capabilities of detecting misinformation, providing
robust and trustworthy explanatory factors for these detections, and relating
multiple explanatory factors to enhance interpretability.

We carry out our evaluations on a dataset including multilingual and multi-
topical texts and network data that contextualise the texts in the social media
environment. As far as we know, the MuMiN [20] dataset is the only dataset
that fulfils all requirements of our evaluation. In addition, our focus is on char-
acterising the representation of the textual content and relational features. The
MuMiN dataset is a publicly available dataset of multimodal data from Twitter.
MuMiN links tweets covering multiple topics and languages with fact-checked
claims, including text, metadata, and visual content from the tweets. For our
study, we relied on the MuMiN-small version of this dataset, which consists of
2,183 claims and 7,202,506 tweets. To streamline our analysis, we filtered the
dataset to consider tweets written in the three most prevalent languages (En-
glish, Portuguese, and Spanish), four types of entities (Claim, Tweet, Reply, and
User), and six relations (Posted, Mentions, Retweeted, Quote_Of, Reply To,
and Discusses).

We developed our framework using PyTorch [22]. The full code of the frame-
work, the described instantiation and example notebooks are available for review.
The dataset split used was the same as proposed in the MuMiN dataset. As de-
scribed in Section 3.3, our misinformation classifier is a GAT to account for the
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Table 1: Misinformation classification F1 for each language and modality.
GAT’s input
Feature representation
Graph-based
Text-based
Multimodal

Multilingual English Spanish Portuguese

0.9488 £ 0.0032  0.9419 £ 0.0045 0.9477 £ 0.0029  0.9920 £ 0.0038
0.9487 £ 0.0032  0.9409 £ 0.0044 0.9486 & 0.0028 0.9923 £ 0.0042
0.9738 £ 0.0057 0.9738 £+ 0.0053 0.9500 + 0.0004 0.9951 + 0.0053

relational information. The classifier was trained using a single Nvidia RTX4070
Mobile GPU, with a learning rate of 0.005, 16-dimensional hidden layer, and
Adam optimiser [13] for a total of 400 epochs — the optimal setting we found in
our experiments. The textual features were encoded using pre-trained language-
specific models. The textual encoding is then submitted to a linear mapping
of its original 768-dimensional space vector to a 812-dimensional space vector
to match the dimensions of the shallow metadata set representation. The ex-
periments in Sections 4.2-4.4 regard only the multilingual configuration, whilst
comparing the various modalities.

4.1 Explainable Tweet Misinformation Detection

The empirical results of tweet classification are reported in Table 1, in which
the model assigns each input information to the misinformation or fact label.
We assess three different inputs: graph-based features, text-based features, and
multimodal features, which are the concatenation of both graph-based and text-
based features, and measure the obtained Fl-score. The reported results are
generated by 1000 bootstrap resampling with 95% confidence interval.

The results in each language demonstrate that the multimodal feature vector
achieves better overall performance in misinformation detection than text en-
coding alone, confirming the results obtained by Nielsen et al. [20]. A secondary
point is that text-based features outperform graph-based ones in low-resource
languages and sparse graphs (e.g., Spanish and Portuguese).

4.2 Interpretability of Explanations

We further examined the explanatory features through a combination of quali-
tative and quantitative analyses.

Our qualitative examination focused on the most relevant features and their
ability to establish a connection between the tweet-node and its associated la-
bel. The results of our investigations are presented in Table 2, where we show-
case the tweet-node text and a limited set of metadata, along with the classi-
fication produced by our GAT model, the most relevant features identified by
GraphLime [11], and our interpretation of these explanatory factors.

In Table 2, the first entry is classified by the GAT model as misinformation.
GraphLime highlighted the number of retweets and the number of replies as the
most relevant features. Upon analysing these retweets and replies, we observed
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Table 2: Report of two inferred cases with their classification, features, and
explanatory factors identified by our framework.

GraphLime

Text Shallow metadata set  Classification
most representative features

Human interpretation

Great news! Carona virus vaccine ready. Able to cure patient within 3 hours

after injection. Hats off to U Number of retweets 26

Scientists. Right now Trump announced that oo, ) Number of retweets  Users who retweet tend
- . h Number of replies 42 Misinformation : A ]

Roche Medical Company will lannch the vaccine next Sunday, and millions (00 .18 Number of replies  to spread misinformation

of doses are ready from it Il VIA: @wajih79273180 https://t.co/BZICLtwuXq T ob quotes

17,000 anti-vaxxers, anti-science, far-right &amp; neo-Nazi organizations
attend a protest against #coronavirus restrictions in #Berlin
#publichealth precautions. Let’s sce what happens to #Germany’s #C
case counts in the next 2-3 weeks. https://t.co/ TD5xIoT5sV

" Number of retweets 11

- Number of replies 9 Fact Text
VID1

OVIDII \imber of quotes 2

Word importance
illustrated in Fig. 2.

e2 what happen:

Fig.2: Word importance for text explainability of the second tweet from the
table above.

that users who engage in replies or retweets tend to have other tweets classified
as misinformation, indicating a trend in the spread of misinformation. The sec-
ond entry in Table 2 was classified as factual, with GraphLime’s most relevant
feature being the text embedding. In addition, we explored textual factors using
Captum [14] to assist in explaining the label (Fig. 2). We noted that phrases
like “protest against #coronavirus” and “Let’s see what happens to #Germany”
contributed to the accurate classification.

For our quantitative analysis, we fixed the multimodal setting to study how
language and dataset size influence explanatory factors. Fig. 3 shows, for each
language, the distribution of features selected as explanations by modality (meta-
data, graph-based, or text-based) and by the number of features selected (one,
two, or three) and the overall (features together). For languages with fewer exam-
ples, like Spanish (Fig. 3.c) and Portuguese (Fig. 3.d), metadata and graph-based
features are used more frequently, followed by text-based features. This is likely
due to fewer nodes and less dense relational connections, making these features
more discriminative. In contrast, the multilingual setting (Fig. 3.a) relies more
on text-based features, likely due to its denser and more complex tweet-node
network. English (Fig. 3.b) shows a balanced use across modalities, reflecting
its intermediate node count and density. Regardless of language, metadata fea-
tures are the most common explanatory factor when only one feature is selected,
aligning with Table 2’s first entry and reinforcing that reply and retweet counts
signal misinformation bubbles.

4.3 Trustworthiness of Explanations

In real-world applications, it is fundamental that the classifier’s predictions are
credible, i.e., the classifier should be consistently accurate in associating labels
so that the end-user can relate to the prediction as trustworthy. Moreover, ex-
planations play an essential role in assessing predictions. Therefore, we develop
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Fig. 3: Distribution of features selected as explanations by their modality. Results
are separated by language configuration, and colour indicates each set of features.

a protocol to measure the extent to which the explanations have the capacity to
assist users in determining the reliability of the prediction.

The protocol consists of, first, simulating the trust in individual predictions.
For that, we randomly select 30% of the features and assume these as “untrust-
worthy”, i.e., the user would likely recognise these features and would not want
them as explanations. The second part of the protocol embraces the construc-
tions of an oracle “trustworthiness”. We labelled the classifier’s prediction as
untrustworthy if the prediction changes after removing the features selected as
untrustworthy from an instance, and trustworthy otherwise. The oracle assumes
that if removing untrustworthy features changes a prediction, those features are
decisive for the classifier. In this simulated setup, the oracle serves as the true la-
bel for evaluating prediction credibility. The third step simulates user judgment
by considering a prediction untrustworthy if it changes after removing all un-
trustworthy features identified in the explanation using a linear approximation
model. Finally, we compare the oracle’s label with the simulated users’ decisions.

Given the trustworthiness evaluation protocol, we report and compare the
Fl-score on the trustworthy predictions for the classifier trained with graph-
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Table 3: F1-Score of mu2X’s trustworthiness based on different modalities.

F1-Score given top-k most relevant features

Modality Top-1 Top-2 Top-3 Top-5 Top-10

Graph-based 0.7576 £ 0.2199  0.8059 + 0.0158 0.8035 4 0.0188 0.8076 + 0.0137 0.8031 + 0.0187
Text-based 0.8188 + 0.0164 0.8096 £ 0.0166 0.8111 £+ 0.0154 0.8060 £+ 0.0156  0.8029 £ 0.0118
Multimodal 0.8207 £ 0.0185 0.8061 £ 0.0153 0.8080 £ 0.0203 0.8062 £ 0.0167 0.8115 + 0.0175

T MODALITY

= Multimodal
B Text-based
= Graph-based

0.86 4

o
®
2

4
®
N

F1 score

-
o
)_D—L.—I

Top K most relevant explanations

Fig.4: F1-Score of trustworthiness box-plot visualisation. Lines are the average
F1-Score in each Top-K.

based features, text-based features, and multimodal features over 25 rounds,
considering the top-K most relevant explainable features (K € {1,2,3,5,10}).
The results are compiled in Fig. 4 and Table 3. The multimodal classifier achieved
the most stable results, having the best Fl-score in top-1 and top-10, whilst
being the second-best in the other cases. The classifier that was solely trained
with graph-based features displayed the worst results, indicating that it usually
mistrusts trustworthy predictions, whilst trusting untrustworthy predictions too
often. Despite the used modality, the results show F1-Score above 80% (except
the graph-based top-1), confirming the reliability of the mu2X explanations.

4.4 Robustness of Explanations

Besides credible predictions, robust explanations are key for the success of mis-
information classifiers. We propose a protocol to evaluate the capacity of the
explainable method to select relevant features, i.e., non-noisy features. Firstly,
we artificially added N = |X| * p amount of randomly generated features, i.e.,
noisy features, where N € N, |X| is the number of features in a sample X,
and p € {0.01,0.1,0.25,0.5,0.75,1.0} is the the overall proportion of noisy fea-
tures to be introduced in each sample. Then, we train the classifier with the
added noisy features. Finally, we observe the amount of noisy features selected
as explanations.

Given the robustness evaluation protocol, we report the average results of
25 rounds of the noisy features selected as explanation patterns for the three
classifiers. In Fig. 5, we show the kernel density estimation of the frequency of
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selected noisy features given the classifier and the proportion of noisy features
added. The explanations based on the text-based features classifier were more
robust, having a high density at zero noisy features selected in the lower per-
centages and even curves at zero or one noisy feature selected in higher noisy
environments. The explanations grounded on the multimodal features classifier
showed average results, where it keeps the higher density at zero for lower noisy
environments and is even out on higher noisy environments.

These patterns can also be observed in Fig. 5d. The figure shows the distri-
bution between the average percentage of noisy features selected as explanations
and the percentage of noisy features added. Here, it is observed that the fea-
tures selected as explanations for the text-based classifier increase linearly with
the percentage of noisy features added. Additionally, it can be observed that
the features selected as explanations using the multimodal classifier soften the
non-linear curve presented by the explanations over the graph-based classifier.

Graph-based Text-based Multimodal

Percentage of additional 25 Percentage of additional 2.00 Percentage of additional
noisy features in the input noisy features in the input noisy features in the input

1.0 3 025 1.0 3 025 1.0 3 025

075  E3 01 0.75 301 . 075 E3 01
305 3 0.01 2.0 305 3 0.01 305 3 o0.01

E 0.0 =
—025 000 025 050 075 100 125 -0.25 000 025 050 075 1.00 1.25 -02 00 02 04 06 08 1.0 12
Number of noisy features selected as explanation Number of noisy features selected as explanation Number of noisy features selected as explanation

(a) Graph-based features (b) Text-based features (¢) Multimodal features

1.0 1 —— Multimodal
—— Text-based
Graph-based

0.0 0.2 0.4 0.6 0.8 1.0
Percentage of additional noisy features in the input

Average percentage of noisy features selected as explanat

(d) Relation between the percentage of additional noisy features and the average per-
centage of noisy features selected as an explainable factor.

Fig. 5: Distribution of noisy features selected as explanation given the percentage
of noisy features added.
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5 Conclusion

This paper introduced mu2X, a multimodal and multilingual explainable frame-
work for misinformation detection in social media. It leverages multiple data
modalities and two explainability methods to detect misinformation while clar-
ifying the features that support each classification. Our experiments show that
multimodal features enhance detection performance. The proposed explainable
methodology adds completeness to the framework by providing trustworthy, ro-
bust, and relevant features, along with interpretability, particularly when com-
bined with multimodal data.

There are multiple directions for future work. First, we aim to enhance
and further explore mu2X by incorporating additional modalities and modality-
specific explainability methods. We hypothesize that leveraging more modalities
will improve both classifier performance and the completeness and interpretabil-
ity of explanations. Second, we plan to develop a protocol for quantitatively
evaluating interpretability based on human assessment, since existing ones do
not handle multimodality [3,9]. Lastly, we envision integrated explanations that
combine content snippets with explanatory factors or incorporate prior knowl-
edge to improve clarity and user understanding.

Limitations. Our work has two main limitations: framework generalization and
user interpretability. First, although it supports various multimodal aggregation
methods, we only tested vector concatenation. Exploring other strategies could
improve performance. Second, the feature-based explainability may be hard for
some users to interpret. Still, our approach balances accuracy and interpretability
by offering combined explanations across modalities, aligning with the trade-off
discussed in [5].
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