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Abstract 

Political news is frequently targeted by fake news on social media, and a key challenge lies in the limited sensitivity of cross-lingual fact 

verification models to capture semantic relationships between claims and evidence in long-text, multi-evidence settings. This study compares 

three multilingual Large Language Models, i.e., Multilingual Bidirectional Encoder Representations from Transformers (mBERT), Cross-lingual 

Language Model-RoBERTa (XLM-R), and Language-Agnostic BERT Sentence Embedding (LaBSE), for political fact verification using an 

integrated multi-evidence approach. Experiments are conducted on the PolitiFact dataset, with performance evaluated using sensitivity, accuracy, 

precision, and F1-score metrics. The results indicate that mBERT achieves the highest overall sensitivity at 89.44%, followed by LaBSE at 

81.81% and XLM-R at 78.81%. However, mBERT exhibits lower precision, whereas LaBSE provides a better balance between precision 

(87.02%) and accuracy (86.46%), resulting in an F1-score of 84.33%. XLM-R demonstrates lower sensitivity but maintains competitive precision 

(85.47%) and accuracy (84.60%), with an F1-score of 82.00%. Sensitivity analysis based on the number of evidence reveals distinct model 

behaviors, where mBERT achieves its highest observed sensitivity when using six pieces of evidence, XLM-R is more effective under limited 

evidence conditions, and LaBSE shows a stable and increasing sensitivity trend as the amount of evidence increases. To assess whether these 

observed performance differences are statistically meaningful, paired statistical significance tests are conducted. The results indicate that the 

observed performance peak of mBERT at six pieces of evidence does not constitute a statistically dominant global optimum, while XLM-R 

exhibits a model-specific local optimum under limited evidence conditions and LaBSE demonstrates relatively stable performance across a wide 

range of evidence sizes. Further statistical analysis shows that XLM-R has the lowest performance variance, while LaBSE exhibits more 

consistent and statistically robust performance compared to mBERT. Overall, LaBSE is recommended as the most balanced model for multi-

evidence-based political fact verification. 
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1. Introduction 

Political news often becomes the target of social media, which plays an important role in election campaigns through 

highly targeted communication strategies [1]. One commonly used approach is fear-based narrative manipulation, such 

as issues portrayed as “social bombs.” In this situation, society is flooded with information, making it difficult to 

distinguish between valid and fake news. Fake news is designed to spread false, inaccurate, or misleading information, 

with the deliberate aim of creating public harm or gaining personal benefit. As a result, fake news can trigger public 

emotions and reinforce existing biases. Its spread in political campaigns can undermine public trust in democratic 

institutions and the electoral process, posing a significant challenge to the existing information system [2], [3].  The 

disruption caused by fake news in political contexts is generally expressed through emotional and highly contextual 

language, which increases cross-lingual linguistic variability and poses significant challenges for computational fact 

verification systems in capturing semantic relationships between information and supporting evidence. 

The issue of fake news can be addressed through various methods, i.e., fact-checking [4], fake news detection [5], [6], 

and fact verification [7], [8]. Fact verification involves proving claims with supporting or refuting data, making it one 

of the primary approaches in tackling fake news. However, several studies face challenges in the fact verification 

modeling process, achieving good and reliable sensitivity results. In this study, sensitivity is defined as the true positive 
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rate, representing the proportion of supported claims that are correctly identified by the model. Sensitivity is particularly 

critical in multi-evidence fact verification, as failures to capture relevant claim–evidence relationships may result in 

missed detections of valid claims. Fact verification analysis related to political news has been previously conducted 

using the PolitiFact dataset [9]. The limitations of the PolitiFact dataset tend to have low sensitivity to models due to 

redundant information, posing challenges in determining the relevance and quality of evidence to claims [10]. These 

limitations are demonstrated by the low average sensitivity of models on the PolitiFact dataset. In a study [11], the 

average sensitivity was 69.65%, which is 10.15% lower compared to its benchmark dataset, Snopes, which had an 

average sensitivity of 79.8%. Another study using the PolitiFact dataset also resulted in an average model sensitivity 

of only 69.03% [12]. Most previous studies have employed sequential model-based approaches to capture interactions 

between claims and evidence, making the models less capable of capturing semantic relationships between claims and 

evidence that are separated in long texts. Furthermore, the structure of fact verification datasets, which contain multiple 

pieces of evidence, has the potential to reduce model sensitivity to the tested dataset. These limitations highlight the 

need for a more effective approach to filter relevant information and process semantic relationships between claims 

and multi-evidence. 

The currently popular models are Large Language Models (LLMs), which have been used for fact verification in recent 

years [13], [14]. In text processing cases, LLMs have proven capable of capturing the semantic relationships between 

claims and evidence. The application of LLMs can be utilized in the Natural Language Processing (NLP) stages by 

embedding the dataset. The use of LLMs for embedding helps capture linguistic nuances and language context.  LLMs 

are divided into two types: monolingual and multilingual. Multilingual LLMs, which have a broader dimension, have 

been trained on more than a hundred thousand languages. The advantage of multilingual LLMs lies in their ability to 

perform transfer learning across languages [15]. Multilingual LLMs that have been applied to text understanding and 

fact verification tasks include Multilingual Bidirectional Encoder Representations from Transformers, (mBERT) [16], 

[17], [18], Cross-lingual Language Model-RoBERTa (XLM-R) [19], [20], and Language-Agnostic BERT Sentence 

Embedding (LaBSE) [21]. However, the application of multilingual LLMs for political news fact verification based on 

multi-evidence has not yet been explored in depth, presenting a new research opportunity to develop more sensitive 

and optimal models for understanding the relationship between claims and evidence for the PolitiFact dataset. 

Based on the aforementioned description, this study aims to compare the application of multilingual LLMs, i.e., 

mBERT, XLM-R, and LaBSE, in political news fact verification based on multi-evidence. This research also focuses 

on optimizing multilingual embeddings to maintain model sensitivity to the relationship between claims and evidence 

to produce accurate analysis. 

2. Literature Review 

2.1. Previous Research 

Research on automated fact verification in recent years has shown notable progress, particularly through the utilization 

of deep learning, graph-based reasoning, and multilingual language models. Study [8] marks a shift from evaluating 

accuracy alone toward analyzing model sensitivity to the number of evidences, demonstrating that approaches based 

on Graph Attention Networks (GAT) and Kernel Graph Attention Networks (KGAT) achieve optimal performance 

when the number of evidences is limited (5–6 evidences), but experience sensitivity degradation as the number of 

evidences increases. These findings indicate that the complexity of relationships among evidences can directly affect 

model stability in multi-evidence scenarios. A summary comparison of several previous studies relevant to the 

integration of multilingual models is presented in table 1. 

Table 1. Summary Comparison of Related Works 

Ref Background Method Result 

[8] 

This study focuses on evaluating model 

sensitivity to the number of evidences in 

fact verification tasks. 

GAT and KGAT 

The sensitivity results indicate that the model achieves 

optimal performance when claim–evidence pairs 
contain 5–6 evidences; however, sensitivity degrades as 

the number of evidences increases beyond this range. 

[22] This study explores fact verification in a 
multilingual context with the aim of 

BERT The model is capable of performing cross-lingual fact 
verification; however, it does not analyze sensitivity to 
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Ref Background Method Result 

addressing the limitations of monolingual 

models on cross-lingual datasets. 

the number of evidences nor evaluate performance 

stability in multi-evidence scenarios. 

[23] 

This study analyzes the extent to which 

Multilingual BERT (mBERT) truly forms 
multilingual representations and its 

capability for zero-shot cross-lingual 

transfer. 

mBERT 

The results show that mBERT is able to perform cross-

lingual and cross-script transfer, demonstrating its 
effectiveness in handling multilingual representations, 

although limitations remain for language pairs that are 

highly divergent in typological terms. 

[24] 

This study evaluates the stability of 

multilingual representations across 

various NLP tasks. 

XLM-R 

The model exhibits high cross-lingual stability; 

however, its sensitivity is lower compared to other 

multilingual models. 

[25] 

This study develops cross-lingual 

semantic embeddings for sentence 

matching. 

LaBSE 
The model provides a good balance between precision 

and recall. 

[26] 

This study introduces Politi-Fact-Only 

(PFO), a benchmark dataset derived from 
PolitiFact by removing post-claim 

analysis and annotator cues to prevent 

information leakage in political fact 

verification evaluation. 

RAV (Recon-Answer-Verify) 

The evaluation shows an average performance decrease 
of 11.39% (macro-F1) on PFO compared to the 

unfiltered version, confirming the presence of leakage 

bias in the standard PolitiFact dataset. The RAV model 
outperforms state-of-the-art methods by up to 57.5% 

macro-F1 on PFO and demonstrates the highest 

robustness to incomplete evidence. 

[27] 

This study examines the limitations of 

one-dimensional truthfulness scales in 

assessing political misinformation, 
particularly for claims derived from the 

PolitiFact dataset, which often exhibit 

nuances such as bias, incompleteness, or 

imprecision. 

Crowdsourcing-based multidimensional 

truthfulness assessment with seven 

dimensions (Correctness, Neutrality, 
Comprehensibility, Precision, Completeness, 

Speaker’s Trustworthiness, and 

Informativeness), compared against expert 

PolitiFact labels. 

The results show that multidimensional assessments are 
reliable and largely independent, exhibit strong 

correlation with expert PolitiFact labels on the Overall 

Truthfulness dimension, and provide higher 
explainability than binary or single-scale classification 

approaches. 

In a cross-lingual context, study [22] extends the scope of fact verification by applying BERT-based models to 

multilingual datasets, thereby addressing the limitations of monolingual approaches. However, this study does not 

evaluate sensitivity to the number of evidences nor performance stability in multi-evidence scenarios. Subsequent work 

[23] strengthens the theoretical foundation for the use of Multilingual BERT (mBERT), demonstrating its ability to 

produce effective multilingual representations for zero-shot cross-lingual transfer, including across languages with 

different scripts, although limitations remain for language pairs that are highly divergent in typological terms. 

Meanwhile, study [24] shows that XLM-R achieves high cross-lingual representation stability, albeit with relatively 

lower sensitivity compared to other multilingual models. Another multilingual model, LaBSE [25], was developed for 

cross-lingual semantic matching and has been shown to provide a good balance between precision and recall, making 

it a strong candidate for claim–evidence matching tasks. 

Beyond model-related aspects, dataset quality and truthfulness evaluation have also become key concerns. Study [26] 

introduces Politi-Fact-Only (PFO) as a benchmark derived from PolitiFact by removing post-claim analysis and 

annotator cues to prevent information leakage. The evaluation results reveal a significant performance drop compared 

to the standard PolitiFact dataset, highlighting that many prior models relied on implicit data biases. The Recon–

Answer–Verify (RAV) approach proposed in this study is shown to be more robust when dealing with incomplete 

evidence. Furthermore, study [27] critiques the use of a one-dimensional truthfulness scale in PolitiFact-based datasets 

and proposes a crowdsourcing-based multidimensional truthfulness assessment. The findings indicate that political 

claim truthfulness is inherently complex and multidimensional, and therefore cannot be fully captured by binary or 

single-scale classification. 

Overall, the state of the art indicates that although substantial progress has been made in graph-based multi-evidence 

reasoning, multilingual models, and PolitiFact-based benchmarks, a research gap remains, particularly in the analysis 

of sensitivity and stability of multilingual models with respect to variations in the number of evidences in the political 

domain. This gap constitutes the primary motivation for the present study. 

3. Methodology 

This study employs an experimental design to evaluate the performance of multilingual models in integrated multi-

evidence political news fact verification. The study aims to optimize the fact verification process by applying 

multilingual NLP-based models, namely mBERT, XLM-R, and LaBSE, to capture semantic relationships between 
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claims and supporting evidence across languages. The evaluation process assesses model performance on multi-

evidence inputs by measuring sensitivity and other standard classification metrics. This experiment is designed to 

compare the effectiveness of multilingual models in handling cross-lingual and multi-evidence fact verification tasks. 

In this study, sensitivity is defined as the true positive rate, representing the proportion of factually supported claims 

that are correctly identified by the model. Sensitivity serves as a key evaluation metric for assessing a model’s 

effectiveness in capturing relevant semantic relationships between claims and supporting evidence in cross-lingual and 

multi-evidence settings. An illustration of the research stages used in this study can be seen in figure 1. 

 

Figure 1. Research Workflow for Political News Fact Verification Using Multilingual Models (mBERT, XLM-R, 

and LaBSE) 

3.1. Preprocessing Data 

This study leverages the PolitiFact dataset, sourced from PolitiFact on Papers with Code as the primary resource for 

testing and evaluating multi-evidence-based fact verification models. The dataset consists of 10,000 data, containing 

political claims that have been verified by fact-checking teams, accompanied by truth labels and relevant supporting 

evidence. This dataset selected due to its data structure, which supports multi-evidence analysis and has been widely 

used in similar research to evaluate the effectiveness of fact verification models. The structure of the PolitiFact dataset 

used in this study is summarized in table 2. 

Table 2. Structure of PolitiFact Dataset 

Element Description 

Table_Id Unique identifier for the fact verification instance. 

Statement The political claim that needs verification. 

Label The factual evaluation of the claim, categorizing its truthfulness. 

Evidence A list of supporting textual evidence used to verify the claim. 

 

Furthermore, before being used in the experiment, the dataset undergoes a pre-processing stage to ensure data 

consistency and quality. The applied pre-processing stages include: 

3.1.1. Stop Word Removal 

In this study, the stop word removal process conducted using the NLTK (Natural Language Toolkit) library. Stop words 

are common words that frequently appear in text but do not contribute significantly to contextual understanding, such 

as “for”, “who”, “only”, “in”, and “because”. Removing stop words makes the text more concise and focuses on the 

words that are crucial for analysis. For example, in the dataset, evidence sentences such as “John McCain opposed 

bankruptcy protections for families, who were only in bankruptcy because of medical expenses they couldn’t pay” 

After applying stop word removal, the sentence becomes “John McCain opposed bankruptcy protections families, 

bankruptcy medical expenses couldn’t pay” 

https://paperswithcode.com/dataset/politifact),
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3.1.2. Lowercasing 

Lowercasing is the process of converting all letters in the text to lowercase to maintain data consistency. This process 

is crucial in Natural Language Processing (NLP) as models are often case-sensitive, meaning uppercase and lowercase 

letters can be treated differently. For example, the sentence obtained after stop word removal, “John McCain opposed 

bankruptcy protections families, bankruptcy medical expenses couldn’t pay,” becomes “john mccain opposed 

bankruptcy protections families, bankruptcy medical expenses couldn’t pay” after applying lowercasing. 

3.1.3. Stemming  

Stemming is the process of converting words to their root forms by trimming prefixes and suffixes. This method aims 

to simplify the text so that different word forms can be treated as a single entity. The stemming technique used in this 

study is from NLTK, such as PorterStemmer or SnowballStemmer. For example, the sentence obtained after 

lowercasing, “john mccain opposed bankruptcy protections families, bankruptcy medical expenses couldn’t pay,” 

becomes “john mccain oppos bankrupt protect famili, bankrupt medic expens could not pay” after applying stemming. 

The stemming process is applied at the initial normalization stage to reduce surface-level word variation before the 

tokenization process is performed. 

3.2. Tokenization 

Tokenization in this study utilizes the built-in tokenizers of the selected multilingual Large Language Models (LLMs), 

i.e., Multilingual BERT (mBERT), XLM-RoBERTa (XLM-R), and Language-Agnostic BERT Sentence Embedding 

(LaBSE). In general, these three methods share the same tokenization technique, which involves breaking down text 

into smaller units, such as words or subwords (subword tokenization), aimed at handling language variations and 

enriching the semantic representation of text. This technique allows the model to handle rare words by splitting complex 

words into more common subwords, thereby reducing the Out-Of-Vocabulary (OOV) issue and enhancing the 

understanding of different language contexts. All three methods employ subword-based tokenization approaches: 

3.2.1. Multilingual BERT (mBERT)  

The mBERT model is trained using 104 languages with dataset sources from Wikipedia. The tokenization method used 

in mBERT is WordPiece, which segments words based on the most common subword frequencies. The tokenization 

formula for the mBERT model can be seen in Equation 1. 

𝑇(𝑆) =  arg     
{𝑡1,𝑡2,…,𝑡𝑘} ∏ 𝑃𝑘

𝑖=1 (𝑡𝑖|𝑡1,𝑡2,…,𝑡𝑖−1)
𝑚𝑎𝑥  (1) 

Where Tokenization (T) is performed by assigning tokens (t) to the sentence (S) and finding the combination of tokens 

𝑡𝑖 with the highest probability based on the word distribution in the vocabulary (k), where k denotes the number of 

subword tokens generated during the WordPiece tokenization process, and each token 𝑡𝑖 is selected to maximize the 

likelihood given the preceding subword sequence. The most frequently occurring subword (arg max) is prioritized in 

the segmentation process. 

3.2.2. XLM-RoBERTa (XLM-R) 

The XLM-R model is trained using 100 languages with dataset sources from CommonCrawl. The tokenization method 

used in XLM-R is SentencePiece. The tokenization formula for the XLM-R model can be seen in Equation 2. 

𝑇(𝑆) =  arg     {𝑠1,𝑠2,…,𝑠𝑚} 𝑃(𝑠𝑖|𝑠1,𝑠2,…,𝑠𝑚|𝑆)
𝑚𝑎𝑥  (2) 

Where Tokenization (T) is performed by assigning subwords generated based on the maximum probability from the 

unigram model (s) to the sentence (S), where 𝑠𝑖 represents subword units generated by the SentencePiece unigram 

language model, which assigns probabilities to candidate segmentations of the input sentence. 

3.2.3. Language-Agnostic BERT Sentence Embedding (LaBSE)  

The LaBSE model is trained using 109 languages with dataset sources from the Multilingual Dataset. The tokenization 

method used in LaBSE is the same as mBERT, which utilizes WordPiece but with specific optimizations for cross-

lingual semantic matching. The tokenization formula for the LaBSE model can be seen in Equation 3. 
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𝑇(𝑆) = {𝑡1, 𝑡2, … , 𝑡𝑛} with 𝑡𝑛 ∈ V (3) 

Where Tokenization (T) is performed by assigning tokens (t) to the sentence (S) and finding the combination of tokens 

𝑡𝑖, where t represents the vocabulary generated from WordPiece (V). 

3.3. Integrated Multi-Evidence (Reconstruction Tokenization) 

The Integrated multi-evidence approach in this study is used in the fact verification process by combining multiple 

pieces of evidence into a single structured representation in the PolitiFact dataset. After the tokenization process, a 

reconstruction step is performed to ensure that the claims and evidence can be accurately mapped back to the original 

text. The integrated multi-evidence procedure for fact verification based on claims and multiple pieces of evidence. 

The process begins by receiving several key inputs, i.e., the set of claims (C), the set of evidence documents (E), the 

pre-trained tokenizer (T), the pre-trained multilingual model (M), and the maximum token length (Lmax), which is set 

to 512, as it represents the maximum limit that handled by pre-trained language models such as mBERT, XLM-R, and 

LaBSE. This process involves the procedure summarized in algorithm 1. 

Algorithm 1. Pseudocode of Integrated Multi-Evidence 

Input 

C = set of claims 

E = set of evidence documents (𝐸1, 𝐸2, 𝐸3, … 𝐸𝑛) 

T = pre-trained tokenizer 

M = pre-trained multilingual model 

Lmax = maximum token length 

 

Output 

Integrated representation of claims with multi-evidence 

 

Algorithm 

for each claim 𝐶𝑖 in C do 

Cprocessed  preprocess (𝐶𝑖) 

for each evidence 𝐸𝑗 in E do 

Eprocessed  preprocess (𝐸𝑗) 

end 

 

Combinedtext  concatenate (Cprocessed, Eprocessed, “[SEP]”) 

If (length (Combinedtext) > Lmax then 

Combinedtext  truncate (Combinedtext, Lmax) 

end 

 

Tokenizedinputs  T (Combinedtext) 

Embeddedrepresentation  M (Tokenizedinputs) 

Store Embeddedrepresentation in dataset 

end 

In Algorithm 1, The algorithm iterates through each claim in the claim set (C). Each claim undergoes a preprocessing 

stage first, which includes steps such as stopword removal, lowercasing, and stemming on both C and the evidence set 

(E). After the claims and evidence are processed, the next step is to concatenate the processed claim with the processed 

evidence using a special separator token “[SEP]”. The “[SEP]” token functions to explicitly mark the boundary between 

the claim and each piece of evidence, enabling the model to distinguish and model their semantic relationships. In the 

process of integrating claims and multiple pieces of evidence using the special “[SEP]” token, this study employs 

attention masks that are automatically generated by the native tokenizer of each multilingual model to distinguish valid 

tokens from padding. Meanwhile, positional encoding follows the default scheme of the underlying model architecture. 

Accordingly, the “[SEP]” token functions solely as a segment boundary marker and does not require any manual 

adjustment to the attention mask or positional encoding mechanisms. 

Furthermore, if the combined text length exceeds the maximum limit set in Lmax, truncation is performed to ensure 

that the data fed into the model remains within the model's processing capabilities. Once the concatenation and 

truncation processes are complete, the resulting text undergoes tokenization using the pre-trained tokenizer (T). The 
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tokenized output is then passed to the pre-trained multilingual model (M) to generate an Embeddedrepresentation of 

the processed claims and evidence. The final stage of this algorithm is storing the generated representations into the 

dataset for further training or evaluation purposes in the fact verification task. This process aims to enable the model 

to understand the relationship between claims and evidence. Although no additional or customized attention 

mechanisms were introduced, the models inherently employ self-attention through the transformer architecture. In this 

study, the attention_mask generated during tokenization utilized to control token-level attention by masking padded 

positions, ensuring that only valid claim and evidence tokens contribute to the self-attention computation. No explicit 

attention masking or positional encoding adaptations were applied beyond the default configuration of the pretrained 

models. An illustration of the multi-evidence integration in this study can be seen in figure 2. 

 

Figure 2. Illustration of Integrated Multi-Evidence 

In figure 2, the claim and supporting evidence are combined into a single format using a special [SEP] token as a 

separator between the claim and each available piece of evidence. Technically, the formula used to construct the 

Integrated multi-evidence can be seen in Equation 4. 

𝐼𝑀𝐸(𝐶, {𝐸𝑖}𝑖=1
𝑛 ) =  𝑇 ([𝐶𝐿𝑆] ⊕ 𝐶 ⊕  

𝑛
⊕

𝑖=1

([𝑆𝐸𝑃] ⊕ 𝐸𝑖)) (4) 

Where IME represents Integrated multi-evidence, C refers to the claim text, {𝐸𝑖}𝑖=1
𝑛  represents a set of evidence 

sentences, CLS and SEP is the separator token used to distinguish between the claim and evidence, ⊕ denotes sequence 

concatenation, and T(.) denotes the tokenizer defined in Equations (1)–(3). 

3.4. Split Dataset 

In this study, the dataset is divided into two parts with a 70-30 ratio to ensure an effective balance between training 

and testing data [28]. Specifically, 70% of the dataset is allocated for training purposes, allowing the model to learn 

patterns and relationships between claims and evidence, while the remaining 30% is used for testing to evaluate the 

model’s performance and generalization ability. The dataset splitting process is performed using random sampling with 

a fixed random seed to ensure reproducibility of the experimental results. This division ensures that sufficient data are 

available for both model training and performance evaluation on unseen political news claims. 

3.5. Classification and Evaluation 

In this study, the classification process is carried out by training and testing the mBERT, XLM-R, and LaBSE models 

to verify political fact claims using the PolitiFact dataset. These models classify each claim into predefined categories 

based on its truthfulness level, utilizing the Integrated Multi-Evidence approach to analyze the relationship between 

claims and supporting evidence. The models generate probability scores for each class, and the final prediction is based 

on the highest probability. The success of the classification is measured by evaluating the extent to which the models 

can distinguish between true and false claims. Sensitivity is utilized to evaluate the model’s performance. The 

sensitivity measurements for the mBERT, XLM-R, and LaBSE models are derived from the evaluation of algorithm 

performance based on the indicators True Positive (TP), True Negative (TN), False Positive (FP), and False Negative 
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(FN). Sensitivity serves as an indicator of the model’s ability to correctly identify positive instances [29]. Sensitivity 

is calculated using Equation 5. 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (5) 

Furthermore, as an evaluation consideration, this study employs additional indicators, i.e., accuracy, precision, and F1-

score [30]. Accuracy is used to measure the overall proportion of correct predictions compared to the total observations. 

Precision is used to evaluate the extent to which the model can correctly identify true claims from all claims predicted 

as true. F1-score is used to provide a balance between precision and sensitivity in assessing the overall performance of 

the model. The calculations for accuracy, precision, and F1-score can be determined using Equations 6 to 8. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (6) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (7) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×  𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
 (8) 

4. Results and Discussion 

This section presents the evaluation results of multilingual models used in political news fact verification, focusing on 

the effectiveness of the integrated multi-evidence approach. The discussion includes performance comparisons among 

the models as well as an analysis of their strengths and limitations in handling multi-evidence claims within the 

PolitiFact dataset. This analysis aims to highlight the impact of different tokenization techniques and the overall 

performance of each model based on sensitivity, accuracy, precision, and F1-score metrics. In this study, we used 10 

epochs,  a learning rate of 0.01, and a batch size of 8 to train multilingual models for political news fact verification. 

Additionally, the evaluation is conducted under two different scenarios: testing with all evidence and testing with a 

limited number of evidence. In the full evidence testing scenario, all available evidence for each claim is used in the 

verification process. Furthermore, under the limited evidence scenario, this study tested the model's sensitivity by 

restricting the number of evidence provided from 1 to 7, as done in the study [8].  This approach aims to analyze the 

model's performance when exposed to varying amounts of evidence and to determine its adaptability and robustness in 

different verification scenarios. 

Moreover, statistical analysis is conducted to evaluate the model's consistency and reliability across these conditions. 

The methods used included calculating standard deviation, t-statistics, and p-values to determine the significance of 

performance differences among the models. This analysis aims to ensure that the results obtained are statistically valid 

and provide deeper insights into the strengths and weaknesses of each model in handling political fact verification tasks 

based on multi-evidence. 

4.1. Results 

The performance evaluation of the mBERT, XLM-R, and LaBSE models in the task of political news fact verification 

using the PolitiFact dataset shows variations in sensitivity, accuracy, precision, and F1-score metrics. The evaluation 

results indicate that the mBERT model achieved the highest sensitivity at 89.44%, followed by LaBSE with 81.81%, 

and XLM-R with the lowest score of 78.81%. The high sensitivity of mBERT demonstrates that this model can 

effectively identify true claims and capture the relationship between claims and evidence. On the other hand, XLM-R 

exhibits the lowest sensitivity, indicating difficulties in capturing the relationship between claims and evidence. The 

evaluation results in figure 3 show that each model has strengths and limitations in handling claims and evidence using 

the Integrated multi-evidence approach, which combines multiple pieces of evidence into a single structured 

representation. The comparative performance evaluation results of the mBERT, XLM-R, and LaBSE models are 

presented in figure 3. 
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Figure 3. Comparison of Sensitivity, Accuracy, Precision, and F1-Score of mBERT, XLM-R, and LaBSE on the 

PolitiFact Dataset 

Furthermore, LaBSE achieved the highest accuracy with a score of 86.46%, surpassing the other models, followed by 

mBERT with 86.23%, and XLM-R with 84.60%. The slightly higher accuracy of LaBSE demonstrates its superior 

ability to handle semantic similarity. LaBSE is specifically designed to support semantic matching tasks, making it 

advantageous in dealing with variations in word and phrase usage within political claims. XLM-R exhibited lower 

accuracy due to challenges in handling noise within the PolitiFact dataset, such as claims with ambiguous language 

formulations and evidence that may not explicitly support the claims. This lower accuracy indicates that XLM-R tends 

to produce more errors when classifying complex claims. In the evaluation of precision measurement, LaBSE achieved 

the highest precision at 87.02%, followed by XLM-R with 85.47%, and mBERT with the lowest score of 81.45%. 

LaBSE's superiority in precision indicates that it performs better in making positive decisions by minimizing errors in 

claims classified as true.  

The lower precision performance of mBERT suggests that this model tends to be more permissive in classifying claims 

as true, even in cases where the available evidence may not be sufficiently strong. This occurs because mBERT focuses 

more on sensitivity, aiming to capture as many relevant claims as possible. The next performance metric is the F1-

score, which shows that LaBSE achieved an F1-score of 84.33%, slightly higher than mBERT at 85.26%, while XLM-

R scored 82.00%. Although mBERT has higher sensitivity, its lower F1-score compared to LaBSE indicates a trade-

off between sensitivity and precision. Furthermore, the results of the True Positive (TP), True Negative (TN), False 

Positive (FP), and False Negative (FN) counts for each model can be seen in figure 4. 

   
(a) mBERT (b) XLM-R (c) LaBSE 

Figure 4. Confusion Matrices of mBERT, XLM-R, and LaBSE for Political Fact Verification. 

Based on the obtained confusion matrices, each model exhibits distinct classification error characteristics. The mBERT 

model records a high number of True Positives (TP = 1392), indicating a strong capability to broadly identify supported 

claims. However, mBERT also shows a relatively high number of False Positives (FP = 272), suggesting a tendency 

to classify claims as supported even when the available evidence does not fully justify such predictions. This pattern is 

consistent with mBERT’s high sensitivity, while also explaining the reduction in precision due to an increased number 

of positive misclassifications.The XLM-R model produces fewer false positives (FP = 179) compared to mBERT but 

exhibits a higher number of False Negatives (FN = 283).  

Sensitivity Accuracy Precision F1-Score

mBERT 89,44% 86,23% 81,45% 85,26%

XLM-R 78,81% 84,60% 85,47% 82,00%

LaBSE 81,81% 86,46% 87,02% 84,33%

75,00%

80,00%

85,00%

90,00%
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This result indicates that XLM-R adopts a more conservative prediction strategy, reducing positive misclassifications 

at the cost of an increased risk of failing to detect supported claims. Such behavior reflects the trade-off between 

sensitivity and performance stability.In contrast, the LaBSE model achieves the highest number of True Positives (TP 

= 1501) while maintaining the lowest number of False Positives (FP = 163) among the evaluated models. This 

combination demonstrates LaBSE’s ability to sustain a high detection rate of supported claims while effectively 

limiting positive classification errors. Furthermore, LaBSE records a high number of True Negatives (TN = 1093), 

indicating a stronger capability to consistently filter unsupported claims. Although False Negatives (FN = 243) are still 

present, their number is more balanced compared to XLM-R, resulting in a more stable trade-off between sensitivity 

and precision. Furthermore, the model sensitivity testing against the number of evidence is summarized in figure 5. 

 

Figure 5. Sensitivity Analysis of mBERT, XLM-R, and LaBSE Based on the Number of Evidence 

In figure 5, the models exhibit distinct performance characteristics in handling claims with varying numbers of 

evidence. The mBERT model achieves its highest observed sensitivity at the sixth piece of evidence, reaching 89.82%, 

while lower sensitivity values are observed when fewer evidence items are used (K = 1–5). This indicates that an 

increase in the number of evidence items tends to correlate with improved sensitivity for mBERT, although 

performance variability remains across different values of K.The XLM-R model demonstrates a different pattern, with 

its highest observed sensitivity occurring at the second piece of evidence (91.39%). Beyond this point, sensitivity tends 

to decline and reaches its lowest value of 78.29% at higher evidence counts. Although XLM-R maintains relatively 

stable performance at subsequent K values, it does not return to the peak sensitivity level observed at K = 2. In contrast, 

the LaBSE model shows a more stable and gradual increase in sensitivity as the number of evidence items increases, 

achieving its highest observed sensitivity at the seventh piece of evidence with a value of 90.49%. These findings 

indicate that LaBSE is able to maintain relatively consistent performance across different evidence configurations, 

particularly in scenarios involving a larger number of evidence sources. 

The results of each model’s performance indicators demonstrate their respective strengths and limitations. Therefore, 

statistical testing is conducted to determine the significance of performance differences among the three models. The 

statistical analysis is performed to evaluate whether there are significant differences in performance evaluation results, 

which include calculating the standard deviation to measure data variability, the t-statistic to test the difference in 

average performance across models, and the p-value to determine the statistical significance of these differences. In 

this study, statistical hypothesis testing is employed to evaluate whether the observed performance differences among 

models are statistically significant. The null hypothesis (H0) assumes that there is no significant performance difference 

between the compared models, while the alternative hypothesis (H1) assumes that a performance difference exists at a 

significance level of α = 0.05. The statistical test results are presented in table 3, which provides information on the 

85,32%

82,48% 82,78%
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73,95%
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87,20%
85,77%
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consistency and reliability of each model’s performance in the multi-evidence-based political news fact verification 

task. 

Table 3. Statistical Analysis of mBERT, XLM-R, and LaBSE Based on Standard Deviation, t-Statistic, and p-Value. 

Model Standard Deviation t-statistic p-value 

mBERT 0.4998 -3.392 0.0006 

XLM-R 0.4919 2.714 0.0006 

LaBSE 0.4933 2.085 0.0370 

Based on the performance evaluation results of the mBERT, XLM-R, and LaBSE models in the political fact 

verification task using the PolitiFact dataset, significant performance variations were observed among the three models. 

In terms of sensitivity, mBERT achieved the highest performance with a score of 89.44%, followed by LaBSE at 

81.81%, and XLM-R with the lowest score of 78.81%. These results indicate that mBERT achieves higher sensitivity 

in detecting true claims compared to the other models. However, the statistical analysis in table 3 shows that mBERT 

has a higher standard deviation (0.4998), indicating greater variability in performance outcomes compared to XLM-R 

and LaBSE. On the other hand, XLM-R has the lowest standard deviation of 0.4919, demonstrating better performance 

consistency compared to the other models, despite its lower sensitivity. Additionally, the p-values obtained for mBERT 

and XLM-R (both at 0.0006) indicate that the observed performance differences among the models are statistically 

significant at the 0.05 significance level. Meanwhile, LaBSE has a p-value of 0.037, which also indicates statistically 

significant differences, albeit with a weaker level of significance compared to mBERT and XLM-R. 

4.2. Statistical Significance Analysis of Evidence Size (K) 

In this study, the evaluation aims to determine whether prior claims stating that mBERT and LaBSE achieve optimal 

performance with six pieces of evidence (K = 6), and XLM-R with two pieces of evidence (K = 2), are statistically 

supported. To this end, paired significance analysis is conducted using the McNemar test on the same test dataset. This 

test is employed to assess whether the performance differences between two evidence-size configurations reflect 

statistically significant differences or are merely attributable to random variation. In this testing framework, the null 

hypothesis (H₀) states that there is no significant difference in classification performance between the compared 

evidence-size configurations, while the alternative hypothesis (H₁) states that a significant performance difference 

exists. The significance level is set at α = 0.05, and all p-values are corrected using the Holm method to control for 

errors arising from multiple comparisons. The results of the significance tests are reported in table 4. 

Table 4. Paired McNemar Test Results for Evidence Size Selection Across Multilingual Models  

Model Comparison p (McNemar) p (Holm) Significant 

mBERT 

6 vs 1 0.963 1.000 No 

6 vs 2 0.640 1.000 No 

6 vs 3 0 0 True 

6 vs 4 0.299 1.000 No 

6 vs 5 0 0 True 

6 vs 7 0.658 1.000 No 

XLM-R 

2 vs 1 1.000 1.000 No 

2 vs 3 0 0 Yes 

2 vs 4 0 0 Yes 

2 vs 5 0 0 Yes 

2 vs 6 1.000 1.000 No 

2 vs 7 0 0 Yes 

LaBSE 

6 vs 1 0.153 0.921 No 

6 vs 2 0.00725 0.058 No 

6 vs 3 0.709 1.000 No 
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Model Comparison p (McNemar) p (Holm) Significant 

6 vs 4 0.692 1.000 No 

6 vs 5 1 1 No 

6 vs 7 0 0 Yes 

The statistical analysis results indicated that the mBERT model with configuration K = 6 exhibits statistically 

significant differences when compared with K = 3 and K = 5. However, no significant differences are observed when 

K = 6 is compared with K = 1, K = 2, K = 4, and K = 7. These findings suggest that although K = 6 yields better 

performance than certain configurations, it cannot be considered a statistically dominant global optimum. For the XLM-

R model, a different pattern emerges. The McNemar test results show that K = 2 acts as a local reference point, 

exhibiting statistically significant differences relative to K = 3, K = 4, K = 5, and K = 7, but no significant differences 

when compared with K = 1 and K = 6. This indicates that the optimal evidence size is model-dependent rather than 

universal across multilingual models. In contrast, for the LaBSE model, the statistical significance analysis reveals that 

configuration K = 6 differs significantly only when compared with K = 7. No significant differences are observed 

between K = 6 and the other K configurations. These findings indicate that LaBSE’s performance is relatively stable 

with respect to variations in the number of evidence items within the range K = 1 to K = 6, and does not exhibit a 

strong, statistically significant performance peak at K = 6. 

Overall, the statistical significance analysis indicates that there is no single evidence size (K) that can be considered 

universally optimal for all evaluated models. For mBERT, the K = 6 configuration shows significant advantages only 

over certain configurations and does not form a global optimum. For XLM-R, the most statistically significant K value 

occurs at K = 2, whereas for LaBSE, performance remains relatively stable across the range K = 1 to K = 6 without 

exhibiting a statistically significant performance peak. These findings confirm that the choice of evidence size is model-

dependent, and assigning a single K value as optimal for all multilingual models is not supported by consistent 

statistical evidence. 

4.3. Discussion 

The results of this study highlight the various strengths and limitations of multilingual models, i.e., mBERT, XLM-R, 

and LaBSE in verifying political news facts using the PolitiFact dataset. A comparison of these models has been 

conducted in previous studies; however, it is used to calculate text correlation coefficients [31]. In this study, these 

models successfully demonstrated high sensitivity for political news fact verification. Each model demonstrates unique 

performance characteristics across different evaluation metrics, providing valuable insights into their application in 

multi-evidence-based fact verification tasks. The integrated multi-evidence approach implemented in this study aims 

to enhance the models’ ability to understand the relationships between claims and multiple pieces of evidence. One of 

the findings of this study is that the integrated multi-evidence approaches successfully improved the F1-Score, with 

each model achieving a score above 80%. This result is higher compared to other studies, which generally obtained an 

F1-Score of around 70% or even lower [10], [11], [12]. This study consolidating multiple pieces of evidence into a 

single structured representation using the “[SEP]” separator token, this approach allows the models to analyze the 

relationships between claims and various sources of evidence more effectively. Based on the evaluation results, the 

integrated multi-evidence approach offers significant benefits in improving model sensitivity, particularly for mBERT, 

which achieved the highest performance in detecting true claims.  

However, challenges arise in terms of precision, as the model tends to be more permissive in accepting claims that are 

not sufficiently supported by relevant evidence. LaBSE demonstrates a better balance in leveraging information from 

various pieces of evidence with higher precision, indicating its ability to filter out irrelevant information effectively. 

On the other hand, the integrated multi-evidence approach faces challenges in XLM-R when handling claims with 

multiple pieces of evidence that have varying linguistic structures. XLM-R, with its SentencePiece tokenization, 

struggles to capture the semantic relationships between different pieces of evidence, resulting in lower sensitivity 

compared to mBERT and LaBSE. This finding suggests that the integrated multi-evidence approach requires further 

optimization in processing more complex evidence contexts. The implementation of the integrated multi-evidence 

approach for the mBERT model can be accessed at the following https://www.kaggle.com/code/novaagustina/mbert-

politifact. For example, the results of political news fact verification can be seen in figure 6. 

https://www.kaggle.com/code/novaagustina/mbert-politifact
https://www.kaggle.com/code/novaagustina/mbert-politifact
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Figure 6. Example of political news fact verification showing a claim and supporting evidence, with the final 

classification 

One of the other findings of this study is the trade-off between sensitivity and precision in the evaluated models. The 

mBERT model demonstrated the highest sensitivity, indicating its strong capability in detecting true claims and 

effectively capturing relationships between claims and evidence. However, this high sensitivity comes at the expense 

of precision, as mBERT tends to classify more claims as true, potentially leading to an increase in false positives. This 

characteristic makes mBERT more suitable for applications that prioritize sensitivity, such as early misinformation 

detection, but less ideal for decision-making processes that require high precision. However, the LaBSE model exhibits 

a balance between sensitivity and precision. Its relatively high precision indicates that the model can better minimize 

false positives, making it a more reliable choice for applications that require accurate fact verification. LaBSE’s ability 

to maintain this balance can be attributed to its superior capability in matching claims with evidence compared to the 

other models. The implementation of the integrated multi-evidence approach for the XLM-R model can be accessed at 

the following link: https://www.kaggle.com/code/novaagustina/xlm-r-politifact. 

In addition to accuracy and precision, the consistency and reliability of model performance were evaluated through 

statistical testing. The results indicate that the XLM-R model has the lowest performance variance, demonstrating that 

it is more stable and consistent in classifying claims and evidence. This stability is an essential factor for systems that 

require uniform performance across various scenarios. However, despite its consistency, XLM-R has lower sensitivity, 

which may hinder its ability to handle complex claims effectively. Furthermore, mBERT exhibits higher performance 

variability, meaning that its generalization capability is inconsistent across different claim scenarios. This variability 

can be attributed to the model’s reliance on specific linguistic structures present in its training data, making it 

challenging to handle more ambiguous claims effectively. The implementation of the integrated multi-evidence 

approach for the LaBSE model can be accessed at the following link: 

https://www.kaggle.com/code/novaagustina/labse-politifact. 

To address the observed trade-off between sensitivity and precision, several technical strategies can be considered as 

directions for future research. One approach involves implementing evidence selection or weighting mechanisms to 

reduce the influence of redundant or less relevant information, which may otherwise increase the number of false 

positives. Additionally, the use of adaptive decision thresholds at the classification stage can help balance sensitivity 

and precision according to specific application contexts. Another promising direction is the integration of attention 

mechanisms or confidence-based scoring schemes to emphasize the most informative evidence. These strategies have 

the potential to mitigate the sensitivity–precision trade-off without sacrificing the benefits of an integrated multi-

evidence approach. 

5. Conclusion 

This study evaluates the performance of three multilingual models, i.e., mBERT, XLM-R, and LaBSE in verifying 

political news claims using the PolitiFact dataset with an integrated multi-evidence approach. The evaluation results 

reveal notable variations in model performance across multiple metrics, offering insights into their respective strengths, 

limitations, and suitability for different multi-evidence-based fact verification scenarios. 

https://www.kaggle.com/code/novaagustina/xlm-r-politifact
https://www.kaggle.com/code/novaagustina/labse-politifact
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The findings indicate that under the evaluated PolitiFact multi-evidence setting, LaBSE demonstrates the most balanced 

performance across sensitivity, precision, and accuracy, making it a reliable choice within the scope of this study. 

LaBSE achieved the highest accuracy of 86.46% and the best precision of 87.02%, demonstrating its ability to handle 

semantic similarity and effectively filter irrelevant information. This balance makes LaBSE particularly suitable for 

real-world deployment scenarios that require high decision reliability, such as policy analysis, content moderation 

enforcement, and fact verification systems where false positives must be minimized. Conversely, mBERT, despite 

having the highest sensitivity of 89.44%, exhibited lower precision (81.45%). This trade-off suggests that the model is 

better suited for applications prioritizing broad detection coverage rather than strict decision accuracy. In practical 

terms, such characteristics are advantageous for early-stage misinformation monitoring or large-scale content screening 

systems, where maximizing recall is critical and false positives can be filtered in subsequent verification stages. 

However, this behavior makes mBERT less suitable for high-stakes applications that require precise and authoritative 

verification outcomes. Meanwhile, XLM-R, with the lowest sensitivity of 78.81%, demonstrated the best performance 

stability with the lowest standard deviation (0.4919). This stability indicates that XLM-R may be appropriate for 

deployment scenarios that require consistent and predictable behavior across diverse inputs, although it may be less 

effective when handling claims that require complex or extensive evidence aggregation. 

The implementation of the integrated multi-evidence approach in this study has proven to be effective in enabling 

models to analyze the relationship between claims and multiple pieces of evidence using the “[SEP]” token. However, 

several challenges were identified, including information redundancy, conflicts among evidence, and input length, 

which can affect the model’s efficiency and accuracy. Consequently, further research is required to optimize evidence 

selection strategies and input handling mechanisms to enhance robustness and scalability for real-world long-text, 

multi-evidence fact verification tasks.  
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