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Abstract: The rise of misinformation on social networks creates serious problems for pub-
lic awareness, policy-making, and trust in society. Social media content is getting more 
complex, often including text, metadata, and multimedia. This makes it essential to have 
smart systems that can classify misinformation using various signals. This paper introduces 
a machine learning approach to check the misinformation that uses the MuMiN (Multilin-
gual Multimodal Fact-Checked Misinformation) dataset. This dataset contains annotated 
claims, supporting evidence, user tweets, and fact-check labels. Structured preprocessing 
pipeline applied to get the dataset ready for analysis. The textual and structural features 
were extracted as features. Three machine learning models, Random Forest (RF), Gradient 
Boosting (GB), and a Stacking Classifier were developed and assessed. These models were 
evaluated using key performance metrics. The experimental findings indicate that the 
stacking ensemble regularly surpasses the individual base classifiers, attaining an accuracy 
rating of 89.12%. This highlights the advantages of combining models to manage complex, 
noisy, and multimodal social media data. This study emphasizes the value of merging mul-
timodal feature representations with ensemble learning methods for effective and scalable 
misinformation detection on online platforms. 
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1. Introduction 
In the contemporary digital era, social media platforms such as Facebook, Twitter, and 
YouTube furnish essential information to billions of individuals. Although these platforms 
facilitate swift and extensive communication, they also serve as breeding grounds for the fast 
dissemination of disinformation. Inaccurate or deceptive information disseminated online 
can influence public opinion, undermine democratic processes, and pose risks to public 
health, as seen during the COVID-19 epidemic. The large amount and variety of content on 
these platforms, including text, images, videos, and user-generated metadata, make it harder 
to effectively identify and combat misinformation [1-2]. 

Traditional methods for spotting misinformation have largely depended on manual fact-
checking or rule-based filtering systems. However, these approaches are often slow, limited 
in scope, and struggle to keep up with the fast pace of online communication [3]. This chal-
lenge requires automated, smart systems that can understand and analyze different forms of 
information at the same time. Recently, machine learning has become a promising solution 
by allowing data-driven classification of online content based on learned patterns. Yet, most 
current studies mainly focus on single-modal data, mostly text, and often miss the richer 
signals present in multimodal social media content [4]. This study aims to fill that gap using 
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the MuMiN dataset, a large-scale, multilingual, and multimodal benchmark for misinfor-
mation analysis. The main contributions of the paper are: 

• A comprehensive preprocessing framework tailored for the MuMiN dataset, includ-
ing text aggregation and label transformation. 

• Hybrid feature engineering combining semantic (TF-IDF) and structural (meta-fea-
ture) representations. 

• Implementation and evaluation of multiple machine learning classifiers, highlight-
ing the effectiveness of ensemble techniques. 

• Empirical analysis demonstrating the superior performance of a stacking classifier 
in multimodal misinformation classification. 

The subsequent sections of the paper are structured as follows. Section 2 provides a sum-
mary of pertinent research in misinformation detection and multimodal machine learning. 
Section 3 delineates the dataset, preprocessing methodologies, feature extraction approaches, 
and the machine learning models employed, including the stacking ensemble architecture. 
Section 4 addresses experimental outcomes and performance assessments. Section 5 closes 
the work by presenting major findings and outlining future research possibilities. 

 
2. Literature Review 

The existing literature summarizes recent advancements, key methods, and datasets used in 
misinformation detection. A cross-lingual misinformation detection model uses a Hierar-
chical Mixture-of-Experts Adapter. This model effectively transfers knowledge across lan-
guages and social platforms, improving generalization in multilingual settings [5]. A progres-
sive fusion network is introduced to handle multimodal fake news detection. By combining 
information from text, images, and other data types in a structured way, this method shows 
significant improvements in accurately identifying fake news compared to unimodal ap-
proaches [6]. A natural language processing-based system detects misinformation by analyz-
ing linguistic cues and context in social media posts. It has shown promising results on Turk-
ish datasets [7]. ML and DL models verify health-related COVID-19 information on Twitter. 
This emphasizes the importance of accurate fact-checking for public safety [8]. The M3A 
dataset provides multimodal inputs (text-image pairs) to evaluate media authenticity. This 
supports various misinformation detection models [9]. MiDe22 introduces a tweet-level an-
notated dataset covering multiple events, designed for training and benchmarking misinfor-
mation classifiers [10]. A computational framework models individual susceptibility to mis-
information based on psychological and linguistic factors [11]. MisLC defines a new bench-
mark task for misinformation with legal consequences. It connects content identification to 
real-world societal risks [12].  

The new method identifies high-quality training samples that enhance the generalization 
ability of misinformation detection models [13]. The researcher examines how misinfor-
mation-related discussions and engagement differ across topics on Twitter. This highlights 
content-specific dynamics [14]. A dual-branch neural model combines multimodal bilinear 
pooling and attention mechanisms to improve fake news detection performance [15]. Emo-
tion cues and user behavior signals are integrated to boost misinformation detection accuracy 
in social network content [16]. User credibility features are investigated using supervised 
learning to better classify misinformation spreaders on online platforms [17]. A multilingual 
fact-checking approach studies the spread and transformation of misinformation across lan-
guages and regions [18]. VERITE presents a benchmark dataset for multimodal misinfor-
mation detection, specifically addressing biases from single-modal dominance [19]. The 

 

FANDC system allows for cloud-based, real-time detection of fake news in online networks. 
This highlights both scalability and responsiveness [20]. A synthetic data-based training 
strategy is proposed for misinformation detection using large multimodal LLMs [21]. Ex-
plainable misinformation detection models have been developed for social platforms, focus-
ing on interpretability and user trust [22]. 

Despite notable progress, current research on disinformation detection has some important 
limitations. Many models struggle with generalizing across different languages and plat-
forms. Cross-lingual solutions sometimes need a lot of labeled data or fail to capture cultural 
and contextual differences properly. Several studies depend on single types of inputs, which 
limits their ability to identify complex multimodal disinformation that combines text, images, 
or videos. Although multimodal techniques like progressive fusion and bilinear pooling im-
prove performance, they are often expensive in terms of computation and hard to grasp. Ad-
ditionally, most benchmarks and datasets focus on specific events or are biased toward cer-
tain regions. This restricts the ability of trained algorithms to apply effectively to diverse real-
world disinformation. Emotion and behavior-based detection methods can provide valuable 
insights, but they may raise privacy issues and rely heavily on accurate user profiling. 

 
3. Methodology 

This section delineates the sequential procedure employed for the categorization of multi-
modal misinformation via machine learning methodologies, as seen in Figure 1. The tech-
nique includes data preparation, feature extraction, dataset segmentation, model selection, 
and assessment. 

 
Fig 1: Misinformation Classification Framework 

 
3.1  Dataset 
The proposed experimentation utilized the MuMiN (Multilingual Multimodal Misinfor-

mation) dataset [23], which includes fact-checked claims and associated social media content 
across multiple platforms and languages. Each instance includes metadata (e.g., claim length, 
tweet count), textual information (claims, evidence, tweets), labels (True/False/Partially 
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True), and source details. The dataset is particularly suitable for training and evaluating mod-
els that work on text and metadata. 

3.2         Data Preprocessing 

The dataset underwent several preparation processes, detailed below, to ensure its quality 
and consistency. 

• Removal of Unwanted Rows: Entries with missing critical fields (claims, labels, or 
textual content) or those marked as incomplete were excluded. 

• Label Encoding: The fact-check labels (e.g., “true”, “false”, “partially true”) were 
encoded into numeric values for supervised learning compatibility. 

• Text Consolidation: Relevant text fields such as claims, evidence, and tweets were 
concatenated to form a single unified input for feature extraction. 

• Noise Reduction: URLs, HTML tags, punctuation, and emojis were removed. All 
text was lowercased and tokenized. 

3.3 Feature Extraction 
The two major categories of features are extracted in proposed experimentation, meta-fea-
tures and textual features. 

• Meta-features: 
o claim_len: It represents the total number of textual tokens (words or 

characters) present in the claim statement. 
o evidence_count: It represents the number of verified or linked evi-

dence items (e.g., articles, fact-check URLs, or references) associated with 
a given claim. 

o tweet_count: It represents the total number of social media posts, re-
posts, or retweets referencing a specific claim. 

• Textual Features: 
o TF-IDF (Term Frequency-Inverse Document Frequency) was applied 

to the unified text content that consists of claims, tweets, and evidence data. 
This approach quantifies word importance relative to the document corpus, 
reducing the effect of common terms while highlighting unique ones. For 
a term t in document d, within a corpus D: 

TF–IDF(t,d,D) = TF(t,d) × IDF(t,D) 

The final feature vector is the concatenation of meta features with textual features, repre-
sented below by feature_vector. 

feature_vector = [claim length, evidence count, tweet count, TF-IDF] 

3.4 Data Splitting 

The pre-processed dataset was divided into training and testing sets in an 80:20 ratio, 
maintaining consistent label distribution throughout the splits by stratified sampling. This 

 

phase aids in preserving the equilibrium of class representation, which is particularly crucial 
for multiclass classification problems. 

3.5 Model Selection, Training and Validation 
To build an effective and reliable predictive model, we explored a combination of well-es-
tablished machine learning algorithms, each known for its strengths in classification tasks. 
The proposed experimentation involved three main classifiers: 

• Random Forest (RF): It is an ensemble learning method that builds a "forest" of 
decision trees throughout the training process. Each tree is constructed using a ran-
dom subset of the training data utilizing bagging, i.e., bootstrap aggregation, and the 
final prediction is derived by averaging the outputs of all trees in the case of regres-
sion analysis or by employing a majority vote in the case of classification analysis. 
This technique is recognized for its superior accuracy, resilience to overfitting, and 
capacity to manage high-dimensional data with minimum preparation. 

• Gradient Boosting (GB): It is a robust ensemble technique that constructs models 
sequentially. In contrast to RF classifier, GB emphasizes learning from the residuals 
errors of preceding models. It applies new models, usually shallow decision trees, 
to the residuals of previous iterations, thereby enhancing overall predictive accu-
racy. This approach is especially proficient at managing intricate data patterns but 
needs meticulous adjustment to prevent overfitting. 

• Stacking Classifier: To leverage the unique strengths of multiple algorithms, we 
also implemented a stacking classifier, a meta-model that combines the outputs of 
multiple base learners to make a final prediction. In the proposed scenario, the base 
learners included RF, GB, and Logistic Regression. The predictions from these mod-
els were then fed into a final estimator, Logistic Regression, which learned how to 
optimally combine their outputs. Stacking often leads to improved model generali-
zation and performance, especially when the individual models capture different as-
pects of the data. 

All models underwent training and validation by 5-fold cross-validation, a process that entails 
partitioning the dataset into five subsets, training the model on four subsets, and verifying it 
on the fifth. This procedure is executed five times, use each subset once as the validation set. 
This strategy yields a more dependable assessment of a model's performance by mitigating 
volatility from data partitioning and guaranteeing that each data point is utilized for both 
training and validation. 

3.6 Model Evaluation 
To comprehensively assess how well our machine learning models performed, we em-
ployed a set of standard classification evaluation metrics. These metrics were chosen to pro-
vide insights not only into the overall accuracy of the predictions but also into how effec-
tively the models handled each individual class—particularly important when class distribu-
tions are imbalanced or skewed. Below is a detailed explanation of the evaluation methods 
used: 

• Accuracy: It reflects the overall capability of the model to correctly classify both 
misinformation and factual content. 

• Precision, Recall, and F1-Score: Precision measures how many posts labeled as 
misinformation are truly fake. Recall quantifies how many actual misinformation 
posts are successfully identified. F1-Score balances Precision and Recall, offering 
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a single metric that captures both the correctness and completeness of classification 
models. 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  
𝑇𝑇𝑝𝑝𝑝𝑝 +  𝑇𝑇𝑛𝑛𝑛𝑛

𝑇𝑇𝑝𝑝𝑝𝑝 +  𝑇𝑇𝑛𝑛𝑛𝑛 + 𝐹𝐹𝑝𝑝𝑝𝑝 + 𝐹𝐹𝑛𝑛𝑛𝑛
 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  
𝑇𝑇𝑝𝑝𝑝𝑝

𝑇𝑇𝑝𝑝𝑝𝑝 + 𝐹𝐹𝑝𝑝𝑝𝑝
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  
𝑇𝑇𝑝𝑝𝑝𝑝

𝑇𝑇𝑝𝑝𝑝𝑝 + 𝐹𝐹𝑛𝑛𝑛𝑛
 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 =  2 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∗ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅  

Where, 

• Tpe – True positive estimates (posts correctly identified as fake) 

• Tne – True negative estimates (posts correctly identified as real) 

• Fpe – False positive estimates (real posts incorrectly labeled as fake) 

• Fne – False negative estimates (fake posts incorrectly labeled as real) 

 

4. Experimental Result Analysis 

The proposed methodology implementation was performed on a system running Windows 
11, equipped with a 16 GB of RAM, an Intel Core i5 processor, and an NVIDIA RTX 3050 
GPU. The development environment included Python 3.8 along with several libraries. Mat-
plotlib and Seaborn were used for data visualization. NLTK and re were used for text pre-
processing, combined with scikit-learn for feature extraction, model building, and evaluation. 
Pandas and NumPy supported efficient data manipulation. The MuMiN medium dataset [23] 
was downloaded and processed offline to ensure reproducibility of experiments and full local 
execution. 

It was assumed that the dataset had a reasonably balanced class distribution, which was 
checked during preprocessing. Although the MuMiN dataset is multilingual, this study fo-
cused only on English entries to simplify the modeling process. It was thought that combining 
claim, evidence, and tweet texts would provide enough context for detecting misinformation. 
Each base classifier in the stacking ensemble acted as an independent learner with default 
internal settings, except for tuned hyperparameters. The hyperparameters used to train the 
models are listed in Table 1. 

Table 1: Hyperparameters for ML Model Tuning 

ML Models Hyperparameters Values 
Random Forest  n_estimators [100,200] 

max_depth [10,20] 
Gradient Boosting n_estimators [100] 

 

learning_rate [0.05, 0.1] 
Logistic Regression meta learner C 1.0 

To improve model performance, important hyperparameters were fine-tuned for each clas-
sifier. For Random Forest (RF), the parameters n_estimators were set to [100,200] and 
max_depth to [10, 20]. In Gradient Boosting (GB), learning_rate was tested at [0.05, 0.1], 
with n_estimators fixed at 100. For the stacking classifier, the default setting of Logistic Re-
gression (C=1.0) served as the meta-learner. A grid search was conducted over these param-
eter ranges to find the best model configurations. The models were evaluated using standard 
performance metrics on the test set given in the Table 2.  

Table 2: Classification Performance Evaluation 

Model Classifiers Accuracy Precision Recall F1-score 
Random Forest 0.8745 0.88 0.86 0.87 

Gradient Boosting 0.8540 0.85 0.83 0.84 
Stacking   (RF + GB) 0.8912 0.89 0.88 0.88 

 

Figure 2: Overall classification performance 

Figure 2 depicts that all metrics were averaged for multiclass evaluation, and the models 
showed consistent performance across classes. The result table clearly shows that the stack-
ing ensemble model consistently outperformed with an accuracy rate of 89.12% as compared 
to the standalone classifiers, RF and GB. Similarly, other performance metrics, precision, 
recall and f-score also performed better while stacking the RF and GB with LR model. This 
is due to the meta-classifier's ability to capture general patterns by using different decision 
boundaries from the RF and GB models. Random Forest performed well but experienced 
some overfitting because of depth and redundancy in the trees. Gradient Boosting provided 
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𝑇𝑇𝑝𝑝𝑝𝑝 + 𝐹𝐹𝑝𝑝𝑝𝑝
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  
𝑇𝑇𝑝𝑝𝑝𝑝

𝑇𝑇𝑝𝑝𝑝𝑝 + 𝐹𝐹𝑛𝑛𝑛𝑛
 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 =  2 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∗ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅  

Where, 

• Tpe – True positive estimates (posts correctly identified as fake) 

• Tne – True negative estimates (posts correctly identified as real) 

• Fpe – False positive estimates (real posts incorrectly labeled as fake) 

• Fne – False negative estimates (fake posts incorrectly labeled as real) 

 

4. Experimental Result Analysis 

The proposed methodology implementation was performed on a system running Windows 
11, equipped with a 16 GB of RAM, an Intel Core i5 processor, and an NVIDIA RTX 3050 
GPU. The development environment included Python 3.8 along with several libraries. Mat-
plotlib and Seaborn were used for data visualization. NLTK and re were used for text pre-
processing, combined with scikit-learn for feature extraction, model building, and evaluation. 
Pandas and NumPy supported efficient data manipulation. The MuMiN medium dataset [23] 
was downloaded and processed offline to ensure reproducibility of experiments and full local 
execution. 

It was assumed that the dataset had a reasonably balanced class distribution, which was 
checked during preprocessing. Although the MuMiN dataset is multilingual, this study fo-
cused only on English entries to simplify the modeling process. It was thought that combining 
claim, evidence, and tweet texts would provide enough context for detecting misinformation. 
Each base classifier in the stacking ensemble acted as an independent learner with default 
internal settings, except for tuned hyperparameters. The hyperparameters used to train the 
models are listed in Table 1. 

Table 1: Hyperparameters for ML Model Tuning 

ML Models Hyperparameters Values 
Random Forest  n_estimators [100,200] 

max_depth [10,20] 
Gradient Boosting n_estimators [100] 

 

learning_rate [0.05, 0.1] 
Logistic Regression meta learner C 1.0 

To improve model performance, important hyperparameters were fine-tuned for each clas-
sifier. For Random Forest (RF), the parameters n_estimators were set to [100,200] and 
max_depth to [10, 20]. In Gradient Boosting (GB), learning_rate was tested at [0.05, 0.1], 
with n_estimators fixed at 100. For the stacking classifier, the default setting of Logistic Re-
gression (C=1.0) served as the meta-learner. A grid search was conducted over these param-
eter ranges to find the best model configurations. The models were evaluated using standard 
performance metrics on the test set given in the Table 2.  

Table 2: Classification Performance Evaluation 

Model Classifiers Accuracy Precision Recall F1-score 
Random Forest 0.8745 0.88 0.86 0.87 

Gradient Boosting 0.8540 0.85 0.83 0.84 
Stacking   (RF + GB) 0.8912 0.89 0.88 0.88 

 

Figure 2: Overall classification performance 

Figure 2 depicts that all metrics were averaged for multiclass evaluation, and the models 
showed consistent performance across classes. The result table clearly shows that the stack-
ing ensemble model consistently outperformed with an accuracy rate of 89.12% as compared 
to the standalone classifiers, RF and GB. Similarly, other performance metrics, precision, 
recall and f-score also performed better while stacking the RF and GB with LR model. This 
is due to the meta-classifier's ability to capture general patterns by using different decision 
boundaries from the RF and GB models. Random Forest performed well but experienced 
some overfitting because of depth and redundancy in the trees. Gradient Boosting provided 
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better generalization, likely because of its step-by-step learning approach. The stacking 
model balanced both aspects, offering a comprehensive prediction method. The stacking clas-
sifier, along with two baseline models from the existing literature work, is compared in Table 
3. 

Table 3: State-of-art Model Analysis 

References Accuracy (%) 

Multimodal Fusion 
with BERT [6] 

88.4 

Emotion-Behavior 
NLP Model [16] 

86.9 

Proposed Stacking En-
semble 

89.1 

The proposed model surpassed leading baselines in accuracy, achieving 89.1%. This 
shows that traditional ensemble methods, combined with effective preprocessing and feature 
engineering, can match and occasionally exceed deep learning solutions in misinformation 
detection tasks on structured multimodal datasets like MuMiN. 

5. Conclusion 
This paper introduces a machine learning based methodology for the classification of multi-
modal fact-checked disinformation utilizing the MuMiN dataset. It encompasses meticulous 
preprocessing, feature extraction, and ensemble classification methodologies. The proposed 
models, particularly the stacking classifier that combines Random Forest, Gradient Boosting, 
and Logistic Regression, showed promising results with an accuracy of 89.1% in managing 
diverse and complex misinformation data. The findings indicate that adding meta-features 
and text-based vectors can greatly improve detection accuracy across different misinfor-
mation contexts. Furthermore, the MuMiN dataset effectively supports multimodal classifi-
cation because of its varied linguistic and content types. However, there are still challenges 
in addressing imbalanced classes, the incomplete dataset due to access restrictions, general-
izing across languages and platforms, and responding to changing misinformation patterns in 
real time. The complexity of ensemble models and understanding their predictions are also 
important concerns. In future work, expanding the model to include real-time streaming data 
and transformer-based architectures may improve flexibility and strength. Additionally, add-
ing user behavior features and cross-platform verification signals could further boost the 
credibility scoring of online information. 
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better generalization, likely because of its step-by-step learning approach. The stacking 
model balanced both aspects, offering a comprehensive prediction method. The stacking clas-
sifier, along with two baseline models from the existing literature work, is compared in Table 
3. 

Table 3: State-of-art Model Analysis 

References Accuracy (%) 

Multimodal Fusion 
with BERT [6] 

88.4 

Emotion-Behavior 
NLP Model [16] 

86.9 

Proposed Stacking En-
semble 

89.1 

The proposed model surpassed leading baselines in accuracy, achieving 89.1%. This 
shows that traditional ensemble methods, combined with effective preprocessing and feature 
engineering, can match and occasionally exceed deep learning solutions in misinformation 
detection tasks on structured multimodal datasets like MuMiN. 

5. Conclusion 
This paper introduces a machine learning based methodology for the classification of multi-
modal fact-checked disinformation utilizing the MuMiN dataset. It encompasses meticulous 
preprocessing, feature extraction, and ensemble classification methodologies. The proposed 
models, particularly the stacking classifier that combines Random Forest, Gradient Boosting, 
and Logistic Regression, showed promising results with an accuracy of 89.1% in managing 
diverse and complex misinformation data. The findings indicate that adding meta-features 
and text-based vectors can greatly improve detection accuracy across different misinfor-
mation contexts. Furthermore, the MuMiN dataset effectively supports multimodal classifi-
cation because of its varied linguistic and content types. However, there are still challenges 
in addressing imbalanced classes, the incomplete dataset due to access restrictions, general-
izing across languages and platforms, and responding to changing misinformation patterns in 
real time. The complexity of ensemble models and understanding their predictions are also 
important concerns. In future work, expanding the model to include real-time streaming data 
and transformer-based architectures may improve flexibility and strength. Additionally, add-
ing user behavior features and cross-platform verification signals could further boost the 
credibility scoring of online information. 
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