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Abstract

In this paper, we present a new framework for computing explainability in Automated Fact Verification
models. Our approach uses a graph-based visualization mechanism based on thematic clustering,
integrating Gaussian Mixture Models and an Expectation-Maximization algorithm, which are statistical
methods for identifying patterns within data. These methods work together in our framework to deliver
both local and global explainability. We present initial insights into applying our framework using a fact
verification dataset consisting of claim evidence pairs, aiming to compute explainability for verification
classifications at both the datapoint level (local) and across datapoints (global). We anticipate that
integrating local and global perspectives will yield deeper insights into how individual claims fit within
a cluster’s context, providing richer, context-sensitive explanations for fact verification tasks, where the
context greatly influences the interpretation of individual facts.

Keywords: Explainable AI, Automated Fact Verification, Thematic Clustering, Graph-Based
Visualization
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1 Introduction

The “AI/ML Black Box Paradox” highlights the challenges of understanding the decision-making
processes of advanced AI and machine learning systems, where the complexity of these methods makes
their predictions challenging for humans to comprehend. This lack of clarity raises concerns about the
reliability and trustworthiness of these systems, especially in sensitive applications. As a result, there
has been a growing research interest in the field of explainable AI (XAI) to make AI models more
transparent and understandable (Ali et al. 2023; Gunning 2021, Vallayil et al. 2023).

XAI encompasses a range of strategies and techniques designed to clarify the decision rationale of Al
models by explaining how they generate their results. These efforts may leverage the intrinsic
explainability of simpler, interpretable models like statistical models or employ post-hoc explainability
methods for more complex models that lack intrinsic explainability, such as deep neural networks
(DNNs). In some cases, XAl combines these approaches by using interpretable machine learning
models for the post-hoc analysis of black-box models, as exemplified by LIME (Ribeiro et al. 2016).
However, despite being less interpretable, DNNs such as transformers, which excel at managing long
dependencies and understanding contextual relationships in sequential data, are widely adopted due to
their high accuracy across various real-life applications, including Automated Fact Verification (AFV)
systems.

AFV systems are designed to assess the veracity of claims by leveraging advanced Al techniques.
Typically, these systems follow a three-stage pipeline: document retrieval (gathering relevant
documents), evidence selection (identifying pertinent evidence sentences), and Recognizing Textual
Entailment (RTE, which predicts the relationship between the claim and the evidence). Given the
reliance on complex models like transformers, as discussed earlier, these Al-based systems often face a
trade-off between accuracy and transparency (Ali et al. 2023). However, both these aspects are critical,
especially in the case of AFV. To address this, post-hoc explainability techniques are recommended in
the literature and are generally integrated into the RTE phase of AFV systems (Atanasova et al. 2020;
Kotonya and Toni 2020Db).

Post-hoc methods work by analysing trained AI models to approximate their internal workings and
decision logic. These methods reveal relationships between feature values and model predictions
without requiring access to the model’s internal mechanisms. This enables users to identify crucial
features, quantify their importance, reproduce the decisions made by the black-box model, and detect
potential biases in the data or model itself. Post-hoc explainability can be categorized into local and
global perspectives, which have been discussed with slight variations in the literature (Atanasova et al.
2020; Shu et al. 2019). A widely accepted interpretation is that local explainability pertains to the
analysis of individual data points, whereas global explainability focuses on understanding the broader
patterns and associations in the model’s decisions across the entire dataset (Doshi-Velez and Kim 2017;
Murdoch et al. 2019; Ribeiro et al., 2016).

However, despite the recognized importance of global explainability in AFV, its implementation
remains limited, as existing systems primarily focus on local explainability, which only provides insights
into individual predictions without offering a holistic view of the system’s overall behaviour (Kotonya
and Toni 2020a). This narrow focus on local explainability fails to capture the broader decision-making
patterns of AFV models, indicating the need for a more comprehensive approach. To address this gap,
we conducted and published a comprehensive literature review (Vallayil et al. 2023). This current study
builds on the findings and gaps identified in that review, focusing on a research direction that advocates
integrating both global and local perspectives to provide a balanced approach to explainability in AFV
systems. We employ methods that offer insights into AFV model behaviour and reasoning patterns on
both global and local levels, aiming for a holistic understanding of explainability in AFV systems.
Through this approach, we seek to understand the broader relationships and patterns that inform AFV
model decisions while addressing specific concerns related to individual instances.

2 Methodology

This section outlines our structured approach to enhancing explainability in AFV systems, focusing
on the use of clustering techniques to achieve global explainability. Our methodology encompasses
generation of embedded vectors, application of thematic clustering, and the identification of
evidence clusters. These steps form the foundation for the subsequent case study and visualizations
discussed in Section 3.
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2.1 Dataset Overview

The dataset we employed in this study is novel and specifically curated for XAI research in AFV. Each
claim in the dataset is associated with a unique claim ID, indicating its thematic context, such as climate
change, COVID-19, and electric vehicles, facilitating structured analysis of these themes and their
impact on fact verification. Claims are labelled as True, False, or Not Enough Info, similar to the
structure used in standard fact verification datasets like FEVER (Thorne et al. 2018). Additionally, each
claim is paired with six annotated pieces of evidence. By structuring the dataset with multiple pieces of
evidence for each claim, we support detailed exploration for XAI research. At the same time, the
decision to store these as separate entries, along with the three-class labelling format, aligns with
conventional fact verification practices. Thereby, we anticipate that this dataset will support research
initiatives in both traditional fact verification as well as explainability-focused studies in AFV systems.
Moreover, the dataset’s structure is also tailored to facilitate both local and global explainability, which
is a key focus of our study. On a local level, the multiple pieces of evidence for each claim allow for a
granular examination of the relationships between a claim and its supporting evidences, providing
detailed insights into the rationale behind individual claim evaluations. On a global level, the thematic
organization and clustering techniques applied to the dataset help uncover broader patterns and
relationships, enhancing the overall understanding of the AFV system’s decision-making process.

A detailed description of the dataset, including its creation, annotation processes, and potential
applications in AFV systems, will be provided in an upcoming journal publication, with further
empirical analysis to be discussed in subsequent work as outlined in our future research section.

2.2 Data Preprocessing and Embedded Vector Generation

We begin by loading and preprocessing the dataset, denoted as D, and then extract claims and their
associated evidences within a specific theme, such as climate change. This thematic subset, represented
as Dr, serves as the basis for subsequent analyses. The preprocessing steps ensure that the data is clean,
consistent, and ready for embedding generation and clustering. This process involves grouping the data
by claims and their corresponding evidences, as well as standardizing text to maintain uniformity.

In our research, selecting an effective model for generating sentence vectors is crucial, as accurately
capturing the semantic nuances and contextual relationships within the text is vital for deducing the
interrelations between claims and other elements in the dataset. Traditional models like Word2Vec
(Mikolov et al. 2013) and GloVe (Pennington et al. 2014), which provide static embeddings, often fall
short in capturing the depth needed for nuanced text understanding in NLP tasks like AFV. To address
this, we considered BERT (Devlin et al. 2019) and its variants, which generate context-aware vectors
and offer a significant improvement over traditional model. However, despite BERT’s success in many
NLP tasks, its sentence vectors without fine-tuning have been found to be inadequate for tasks requiring
detailed semantic textual similarity, often even underperforming compared to static embeddings like
GloVe (Li et al. 2020; Reimers and Gurevych 2019).

Therefore, we selected Sentence-BERT (SBERT), which modifies the pre-trained BERT network by
incorporating siamese and triplet network structures (Reimers and Gurevych 2019). This approach
enables SBERT to produce semantically meaningful sentence vectors that can be effectively compared
using cosine similarity. Among the pre-trained SBERT models available, we chose the open-source all-
mpnet-base-v2 for our research, which is fine-tuned on over 1 billion textual pairs for textual similarity
tasks. This model has demonstrated superior performance in capturing both semantic and syntactic
correspondences among the fine-tuned models for general-purpose textual similarity tasks, specifically
those based on pre-trained transformer models like BERT and MPNet, as well as parameter-reduced
models like DistilBERT (Jayanthi et al. 2021), making it particularly effective for AFV tasks that require
a nuanced understanding of textual similarity.

The high-quality vectors produced by all-mpnet-base-v2 are not only critical for accurately assessing
textual similarity between claims and evidence in AFV but also support our approach to clustering and
visualization. These vectors serve as the foundation for exploring the interconnections within thematic
clusters, which is central to enhancing the explainability of AFV systems in our approach, as discussed
in the upcoming sections.

2.3 Thematic Clustering with GMM-EM

Utilizing the embeddings generated in the previous step, we apply Gaussian Mixture Models (GMM)
with the Expectation-Maximization (EM) algorithm to identify thematic clusters in the dataset.
Although GMM and EM have been widely used in fields such as speaker identification, emotion
recognition, and brain image segmentation (Al-Dujaili and Ebrahimi-Moghadam 2024; Barai et al.
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2022; Jiao et al. 2023; Kasim et al. 2021; Li et al. 2020; Moondra and Chahal 2023), our approach
uniquely adapts these techniques for AFV, modelling the data as a combination of multiple underlying
patterns. Each pattern is represented by a Gaussian distribution defined by its mean and spread,
helping us to identify distinct thematic clusters within the dataset.

While GMM supports soft clustering, where data points can belong to multiple clusters with varying
degrees of membership, our methodology focuses solely on the primary cluster assignment for each
data point, bypassing the probabilistic flexibility that GMM offers. This approach ensures that each
claim and evidence is clearly associated with a single cluster, simplifying the subsequent steps of
inference and visualization. This is particularly advantageous in the context of AFV as it allows for a
clear understanding and representation of the relationships between claims and evidences, facilitating
more precise analysis and interpretation.

The clusters are identified as follows:

n

EM(T) = argmax > logp (er; 160) > (€L, ™
i=1
where:
e EM()denotes the EM algorithm applied to the embeddings of data within the theme r.
e .riis the embedding of the i-th text input (claim or evidence) from the thematic subset Dr.
e grepresents the set of parameters of the GMM, including the means, covariances, and mixture
weights of the Gaussian distributions.
e peri| 0is the probability density function of the embedding .r,i given the model parameters o, as
defined by the GMM.

k . .
o {Ci}i, represents the set of clusters formed as a result of the EM algorithm, where each Ciis a
cluster and «is the total number of clusters.

2.4 In-Depth Analysis of Claims Within Thematic Clusters

To conduct a focused analysis on a specific claim ¢; within a theme, we programmatically determine
the cluster C; that contains the claim, among the k clusters identified by the EM algorithm (Equation
1). Within this cluster, we further refine the embeddings to identify a subset of pertinent evidences
and claims based on their semantic relevance to the claim c¢; using a similarity measure; this subset
hereafter referred to as the Subset of Interest (SOI).

The SOI for c; is defined as follows:

S(C) ={e; | sim(ei'j, c;) > dand e;; € C;} U {c | sim(cy, ¢;) > 6and ¢, € C;} (2)

where:
e 5(C;) represents the set of relevant evidences and related claims associated with the claim c;.
«ijdenotes the j-th evidence associated with the claim c;.
simeij.c is the similarity measure between the evidence «;jand the claim ;.
simck,ci) denotes the similarity measure between a claim cx and the claim c;.

sis the similarity threshold above which an evidence ei;jor a claim cis considered relevant to the
claim ci.

This analysis provides the foundational data for the graph-based visualizations described in Section
3.2, where we visualize the interconnections and contextual relationships that are specifically
influential in the context of the selected claim.

3 Case Study Preliminary Findings: Graph-Based Visualizations
and Interpretive Insights

In this section, we present preliminary findings from a case study conducted using our novel dataset,
demonstrating the implementation of the proposed methodology described in Section 2. These
interim results demonstrate the effectiveness of thematic clustering in providing meaningful insights
through visualization, demonstrating the relationships and interconnections among claims and their
associated evidences (direct and indirect) within the dataset. These visualizations provide a macro-
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level view of the thematic clusters (see Appendix 1) and a micro-level analysis of specific claims and
their related evidences (see Appendix 2).

3.1 Thematic Cluster Visualization

We start by visualizing the thematic clusters identified through the GMM-EM (Section 2.3). For this
case study, we focus on the ‘Climate Change’ theme, which has been clustered into three distinct
groups (k=3 in Equation 1). This resulted in the total number of samples in this theme (n=378) to be
segregated to, Cluster o with 140 samples, Cluster 1 with 138 samples, and Cluster 2 with 100
samples.

We generated graph visualizations for these clusters, using distinct colours to differentiate between
claims and evidence pieces, making the relationships visually clear (see Appendix 1 for the
visualization of Cluster 0). The edges between nodes represent the semantic relation between claims
and evidence sentences, indicating their relevance. The graph is complex and challenging to
interpret in detail due to the dense interconnections. However, it serves as an essential overview of
the thematic cluster, providing context for more focused analyses in the following subsection. For
example, the claim marked as ‘Claim_ 21,” visible in Cluster 0’s visualization at the top-right corner,
is explored in detail for in-depth analysis in the next subsection as part of the case study.

3.2 In-Depth Visualization of Claims Within Thematic Clusters

To gain insights into the relationships and dependencies of a selected claim from a post-hoc
explainability perspective (Moradi and Samwald 2021), we apply the focused analysis conceptualized
in Section 2.4, visualizing the SOI identified through Equation 2 for Claim_ 21. This graph highlights
the thematic interconnections the claim has with other participants in its cluster, offering a more
refined view of its relationships within the SOI (see Appendix 2).

As mentioned in Section 3.1, Cluster 0 has 140 samples and their associated evidences from its
theme. Before refining the SOI for Claim_ 21, its interconnections graph reveals 168 nodes and 80
edges, which shows the web of relationships within this specific thematic cluster. The large number
of nodes initially represents all possible relationships. After applying a similarity threshold (s=0.7 in
Equation 2), the graph is streamlined to 81 nodes and 80 edges, highlighting the most relevant
connections and with more refined and meaningful relationships. This reduction in the number of
nodes suggests that many of the initial nodes were either isolated or did not meet the similarity
threshold for meaningful connections. The number of edges remaining constant indicates that the
relevant relationships were preserved, ensuring that the most pertinent connections between claims
and evidences are emphasized. By focusing on these significant relationships, the visualization
provides a clear and interpretable representation of both direct associations, such as the annotated
evidence of the claim, and related or indirect associations, including connections with other claims
and evidence sentences, within the thematic interconnections of the AFV system.

4 Discussion

4.1 Implications for Strategic Decision-Making through Integrating Global
and Local Perspectives for Comprehensive Explainability

As mentioned earlier, our research efforts aims to enhance explainability in AFV systems by integrating
both global and local perspectives. The annotated evidences from our novel dataset, typically
comprising six evidence datapoints, which offer a detailed analysis of individual claims, addressing the
specific concerns and nuances of each instance, which enables us to compute local post-hoc
explainability. Concurrently, our proposed approach in this paper, helps to identify a subset of
semantically relevant evidences and claims, offering a macro-level view that highlights broader patterns
across diverse factual claims. By combining these perspectives, our methodology seeks to develop a
comprehensive framework that not only captures macrolevel thematic patterns but also elucidates
micro-level insights into individual instances. This ongoing work is guided by the principles of XAI,
focusing on achieving key XAI objectives such as interpretability, accuracy, and fidelity (Ali et al. 2023;
Guidotti et al. 2018; Doshi-Velez and Kim 2017). By adhering to these objectives, we aim to create AFV
systems that are both transparent and interpretable, facilitating more reliable and understandable
model behaviour.
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We also acknowledge that the interim insights derived in this paper, are preliminary and part of an
ongoing investigation. Further empirical validation particularly that defined in the Section 4.2 and
consequent refinement of the methodology are planned for future research.

4.2 Future Research Directions

Our future research plans focus on two primary areas: objectives for an upcoming publication and
key research directions.

Upcoming Publication Objectives: As mentioned in Section 2.1, we will be publishing our novel
dataset, which we believe will significantly aid and support other research efforts in AFV and XAI.
The publication will also feature a comparative analysis of in-depth visualization graphs of different
claims, highlighting how our methodology does not necessarily incorporate all manually annotated
evidences from the dataset. For example, in the case study we examined, Evidence_21_3 was
notably absent from the visualization despite being one of the direct pieces of evidence of Claim_ 21
(see Appendix 2). This suggests the SOI identifies alternative and potentially more relevant evidence
pieces. This insight underscores the value of our approach in providing a deeper and more nuanced
understanding of the data, which is critical for high-stakes decision-making scenarios. Additionally,
the detailed algorithmic framework of our methodology will also be included in that publication.

Key Research Directions: To build upon the initial work detailed in this paper and further advance
our contributions to AFV and XAI, we have outlined a detailed plan for continued research. While the
SOI of a claim is currently employed for its visualization, we plan to conduct empirical experiments
using the SOI for inference. The envisioned plan is to employ an open-source LLM like Llama2
(Touvron et al. 2023) to generate post-hoc explanations in two scenarios: with annotated evidences (the
six direct evidences from the dataset) and with the aggregate cluster embeddings of the SOI of the
selected individual claim; introducing both local and global perspectives to the claim introspection as
discussed. This contextual embedding aggregation (Iliadis et al. 2024; Tang et al. 2023; Zhao et al.
2024) is calculated by averaging the embeddings of all claims and evidences within an SOI of the claim
for a cluster. Additionally, we will benchmark our method by conducting a comprehensive performance
evaluation using Retrieval Augmented Generation (RAG) (Lewis et al. 2020) to generate explanations
for the claim’s inference in the context of the entire dataset. This will allow us to assess the effectiveness
of our method, as RAG has emerged as a prominent approach in NLP, combining retrieval and
generation models to generate more cohesive answers and decrease the occurrence of hallucinations
(Salemi and Zamani 2024). Moreover, the claim-based in-depth graph visualization we proposed in this
paper (see Appendix 2), can serve as a visual aid for global explainability, similar to how LIME (Ribeiro
et al. 2016) visualization provides instance-level local explainability. While this holistic approach is
expected to provide more comprehensive insights, it requires empirical validation through our ongoing
research.

Additionally, we intend to record the results of experiments involving various clustering techniques and
similarity thresholds, examining their effects across different themes and clusters. This will allow us to
refine our methodology and better understand its robustness and applicability. We also plan to open-
source our project on GitHub, ensuring transparency and fostering collaboration by maintaining and
version-controlling the code. Furthermore, we will host a prototype space on Hugging Face, enabling
practitioners and researchers to interactively test our results and validate the effectiveness of our
approach.

5 Conclusion

Our ongoing research leverages thematic clustering and contextual visualization to enhance macro-
level explainability in AFV systems. By identifying additional relevant evidences, beyond those
manually annotated, our methodology enhances decision-making processes through a more
comprehensive understanding of the information landscape. This refinement process, is crucial for
making informed and accurate decisions, as it highlights the most pertinent connections, providing
decision-makers with a clearer view of the evidence base, ultimately supporting more reliable and
informed decisions. Guided by XAI objectives, we aim to develop AFV systems that are both
transparent and interpretable, facilitating more reliable and deeper understandable model
behaviour. As we continue to refine and expand this methodology, we anticipate further insights that
will advance the explainability in AFV systems.
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Appendix 1

Figure 1: Graph visualization of Cluster o

This thematic cluster visualization shows the relationships between claims (coral nodes)

and evidences (teal nodes) within a specific cluster of a theme. The edges represent the connections
between claims and evidences, demonstrating the complexity and density of the thematic

cluster. This visualization provides a comprehensive overview of the thematic context, setting

the stage for more focused analyses.


https://doi.org/10.3390/app132312608

Australasian Conference on Information Systems Vallayil et al

2024, Canberra Global Explainability of AFV
Appendix 2
Evidene_9_3 Eviden@®_48_1 Evideqge_1_2
Evidefe_8_3 Evidefe_8_5
Evidengp 191 A= Eviden@®_49_2
a7 cidimi2s  Eviden@ 15 0 -
ciaim) 5 - Cidim)11
Eviden@®_48_5
Eviden@e_7_3 Evidenge_8_4
Eviden@®_11_0 Claim_19 Eviden@@_53_3 Eviden@e_3_2
Eviderf@e_2_2 Evideng@®_53_5 Eviden@@_15_2
E de.Zl 1
Eviden@@_38_0 Eviden@®_28_2 L -
I
Evideng_30_2 Eviden@e_1_3 Claim_16 Eviden@e 7_1 Evide@e_7_2
Evidefe_1_4
Evidefie_2_3
Eviae.21 4
Evidengp_17_2 - i
Eviden@p_11_3 — Evideife_9_2
s Cldim_38
Evidengp_28_4 Eviden@e_2_5 Claim_21 Eviden@_52_2
Evid 6.3
Eviden@®_30_5 viden@e_6_
Eviden@® 190  Eyideng_112 Eviden@ 532 Evide.Zl_Z
_11_. Evide@e_5_4
Eviden@® 17_5
Eviden@®_15_1 o= Eviden@®_15_5 Eviden@e_6_2
cigimo Evideng@_38.2 Cidim2s1 Eviden@_52_3
Eviden@e_3_3 _9Z_
Cialmas3 Eviden@_17_4
Evidefie_3_1
Evide@e_5_1 Evtde‘ZLS B
Ewde‘Zl_O Eviden@_53_1 Eviden@._51_3EVIden®_16_0
Eviden@_19_4
Eviden@®_11_1 Evidengp_19_5
CRIM.S  Eyigenge 2 4 Eviden@®_51_5
Eviden@_30_3
Eviden@_17_0 Evideige_5_5
Eviden@®_19_3 Eviden@_52_1 Eviden@®_16_4
Eviden@_49_5

Figure 2: Thematic Interconnections of Claim_21 and its SOI

This graph visualization highlights Claim_ 21, its associated evidence and related claims within its SOI.
The central claim (Claim_21) is represented by the coral node. Direct evidence of the claim (e.g.,
Evidence 21_1, Evidence 21_2) are shown as larger teal nodes. Other related claims (e.g., Claim_ 49,
Claim_ 28, depicted as smaller coral nodes) and additional evidence (e.g., Evidence 48_1, Evidence 1_2,
shown as smaller teal nodes) relevant to Claim_ 21 are included based on our methodology’s relevance
criteria. Grey lines represent the connections between claims and evidence, showcasing the hierarchical
structure and thematic interconnections.
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