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Abstract: Social media platforms have created space for fabricated news to circulate broadly that 

currently has become a leading problem distorts public opinion and disrupts political discourse and 

credibility of online information. The research analyzes how traditional machine learning (ML) 

models detect fake news from the identification of text content with engineered language features. 

The experiment proves that traditional methods provide competitive performance with less 

computational power and maintaining greater interpretability if augmented by strong preprocessing 

and feature extraction methods. A comprehensive preprocessing pipeline consisted of text 

normalization followed by stop word removal stemming and n-gram modeling and TF-IDF 

vectorization to transform raw text to numerical features. The performance was assessed by 

stratified cross-validation and held-out test set on three supervised ML algorithms, i.e., Logistic 

Regression (LR), Support Vector Machine (SVM), and Random Forest (RF). The performance 

assessment included accuracy along with precision and recall and F1-score and ROC-AUC. The 

results showed that Logistic Regression provided maximum accuracy (98.1%) and F1-score but 

Random Forest provided maximum recall rate (98.5%) and therefore it was better at detecting actual 

fake news. The SVM model provided well-balanced outcomes but it was computationally 

expensive. Traditional ML models show high effectiveness in detecting fake news with proper 

feature engineering techniques. 

 

Keywords: Traditional Machine Learning; TF-IDF;  Social media; Support Vector Machine 

(SVM).

 

1.  Introduction 

The rapid growth of fake news now represents a critical problem affecting digital 

information systems and leading to major impacts on democratic processes as well as public 

health and social [1, 2]. Social media platforms allow misinformation to spread at an 

unprecedented speed thus enabling false stories to surpass verified facts in their reach and 

penetration depth within social networks [3-5]. Fake news becomes especially prevalent 

during significant events like elections and public health crises because it deeply affects 

how people think and behave according to research [6, 7]  

The academic world reacted to this challenge through a wide range of studies dedicated 

to developing automated detection systems [8-10]. The initial strategies relied on linguistic 

evaluation and manual verification of facts [11, 12] but these methods became inadequate 

when online content started expanding exponentially. Recent progress in machine learning 

techniques together with natural language processing now allows for more effective 

solutions which have led researchers to develop advanced models that detect deceptive 

content [13-15].The detection techniques used to identify misinformation continuously 

evolve alongside the techniques used by deceptive content creators thus creating a 

persistent cat-and-mouse battle [16, 17]. 
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Multiple studies show fake news displays recognizable linguistic features which computer-based methods can detect 

through analysis [12, 18]. The content features heightened language together with emotional manipulation techniques and 

particular rhetorical approaches to increase sharing potential. Network analysis methods have discovered particular patterns 

about how misinformation propagates through social networks [19, 20] . The field of automated fake news detection 

continues to face essential challenges that need resolution despite current research advancements. 

The main issue stems from detection models showing domain dependence according to [21]. The models developed for 

political misinformation prove ineffective when detecting health-related hoaxes because they utilize different vocabulary 

patterns and narrative patterns [22] and [23] Current detection systems mainly operate effectively with English content yet 

cultural and linguistic variations substantially reduce their accuracy according to [24] and [25]. The current limitations 

demonstrate that better adaptable generalizable detection frameworks must be developed.  

The ethical aspects of fake news detection create additional difficulty for this field according to [26] and [27]. The 

deployment of automated systems leads to both excessive censorship and unjustifiable elimination of valid satirical content 

and political opinions [28]. Training data often contains societal prejudices which create algorithmic bias in detection 

systems [25]. The situation demands the creation of detection systems that function transparently while being accountable 

to scrutiny for adjustments [29] 

This research addresses fake news detection challenges through an organized assessment of machine learning detection 

methods. Research about fake news detection in recent times has primarily utilized deep learning approaches[30] but our 

research shows traditional machine learning models with well-designed features deliver comparable results alongside better 

interpretability and lower computational costs [31]. The research demonstrates that Logistic Regression serves as a better 

fake news detection system than complex architectures because it generates more precise results at the cost of recall [32]. 

The paper continues with a two-section format that starts by reviewing fake news detection methods from basic linguistic 

analysis to modern deep learning systems in Section 2. Section 3 explains our research approach which includes creating 

the dataset as well as developing features and choosing models. Our experimental findings along with a comparative 

assessment appear in Section 4 followed by practical implications and research recommendations in Section 5. 

2. Related work 

Research on fake news detection gained momentum in recent years through the implementation of machine learning 

(ML), deep learning (DL), and natural language processing (NLP) to counteract disinformation distribution [33]. In [11] 

and [12] established foundational work which introduced two primary detection categories based on linguistic and network 

methods and recommended hybrid systems which combine content analysis with propagation characteristics for better 

accuracy and resilience.  

Fake news classification continues to depend heavily on traditional ML methods because they provide simple models 

which people can understand. The evaluation in [8] evaluated the performance of SVM, LR, KNN and Naïve Bayes models 

which produced the highest accuracy rate of 90.46% through LR. The strength of linear classifiers with suitable feature 

engineering was demonstrated by [13] through their SVM-based model which reached 93.6% accuracy on social media 

news. In [7] tested different ML and DL models on COVID-19 data where SVM demonstrated the best performance at 

98% accuracy.  

Deep learning methods have also shown promise. The FANDC model by [34] used TF-IDF with neural classifiers to 

reach 77.2% accuracy while [35] employed BERT in their cloud-based real-time detection system. The authors 

implemented a distributed cloud system to enhance both real-time scalability and security while their FANDC model 

achieved 99% accuracy in fake news classification into seven categories. [36] developed a detection model which used 

sentiment analysis to drive the classification process. The approach reached 99.68% accuracy by integrating sentiment 

ratings into ML algorithms. The study by [36]  demonstrated how sentiment trends and bot behaviors in distorted news 

campaigns reveal critical emotional cues and sentiment polarity for manipulative content detection.  

[37] went further to analyze linguistic and rhetorical features which included syntactic leakage alongside pronoun use 

and discourse structure in their study. Such features which earlier models frequently ignored assist in distinguishing 

authentic writing from deceptive writing. As for [38] determined that social network structure along with echo chambers 

and user behavior patterns formed essential dimensions. 

The current progress in fake news detection still faces various restrictions. The majority of models depend on labeled 

datasets that do not contain diverse data or current information. Most systems fail to accommodate multilingual data while 
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also showing limited ability to adapt to new misinformation methods. The integration of multimodal data including images 

and metadata together with text remains an underdeveloped area according to [22]. 

The research shows high accuracy through different ML and DL approaches but real-time detection and domain 

transferability and emotion-aware classification remain ongoing challenges. The research adds value to the field through 

its combination of classical ML methods with strong text preprocessing and evaluation of multiple classifier models to 

create an effective fake news detection system that scales. 

 

3. Methodology 

3.1 Dataset 

This research study employed data from the Fake News Detection competition available on Kaggle. The dataset contains 

source-labeled news articles which aim to develop models that detect real from fake news content. The main dataset used 

for training and evaluation consisted of train.csv which included 20,800 news articles that received either fake (1) or real 

(0) labels. The dataset includes the following key fields: The dataset includes the following key fields:  

• id: Each article receives its own distinctive identifier.  

• title: The headline of the news article  

• author: The person or organization responsible for writing the article receives this designation.  

• text: The news content extends beyond the headline to include its complete textual expression.  

• label: The classification target exists as a binary value where 1 represents fake news and 0 indicates real news.  

The preprocessing steps included filling missing values with empty strings and field concatenation to create a unified 

text analysis input because author and title fields contained missing values. A stratified sampling method was used to divide 

the data into 80% training data and 20% testing data which maintained the class distribution throughout model training and 

evaluation. The dataset serves as a standard resource for fake news research because it presents an authentic challenge of 

misinformation found in online news platforms. 

3.2 Text Preprocessing 

During preprocessing stage textual data is prepared for machine learning models through the elimination of noise and 

standardization of input features. Multiple text preprocessing techniques were used to improve model results through data 

cleaning normalization and transformation. The dataset contained missing values which were properly addressed by setting 

them to empty strings to maintain data consistency during text processing operations. A new feature was generated by 

uniting the author and title fields into a combined text feature because certain articles contained partial or missing 

information. The subsequent step involved text normalization and cleaning techniques for standardizing the data. Regular 

expressions were used to delete non-alphabetic characters and punctuation together with unnecessary whitespace. All 

words were transformed to lowercase to eliminate differences between cases and establish word consistency. The text was 

refined by removing stop words. The Natural Language Toolkit (NLTK) was used to eliminate stop words that include 

words such as the, is and. The application of Porter’s algorithm for stemming reduced words to their root forms (e.g., 

running → run, studies → study) to minimize vocabulary size and reduce redundancy. The text processing method 

lemmatization provides better results because it transforms words into base forms which maintain their original meaning. 

The model gained better feature representation through n-gram extraction because it learned to identify word sequences 

instead of single words. A mixture of unigrams bigrams and trigrams was employed to detect contextual relationships 

between words. TF-IDF (Term Frequency-Inverse Document Frequency) vectorization was subsequently used to turn text 

data into numerical features. The method evaluates word importance by calculating their occurrence in documents relative 

to total dataset frequency thus giving lower weights to frequent unhelpful words. The analysis could be enhanced by using 

Word2Vec or GloVe as word embeddings to extract deeper semantic meanings in future improvements. Data balancing 

methods were implemented to handle possible class imbalances between actual news and fake news articles. Random under 

sampling of the majority class and Synthetic Minority Over-sampling Technique (SMOTE) were evaluated for their ability 

to prevent biased predictions and enhance model generalization. The preprocessing procedures created an optimized 

structure which enabled effective training of machine learning models. 

3.3 Machine Learning Algorithms Used in the Application 

The classification of news articles into fake or real news accomplished by using three supervised machine learning 

algorithms namely, Logistic Regression (LR), Support Vector Machine (SVM), and Random Forest Classifier (RF). The 
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logic of using these specific ML algorithms is due to their remarkable results in processing text data and their efficiency in 

Natural Language Processing. The ML models acquired data training through TF-IDF vectorization that transformed text 

data into numerical presentation and at the same time crucial term frequency association are persevered. A balanced fake 

news detection approach was achieved by evaluating the individual model capabilities and constraints. 

 

3.3.1 Logistic Regression (LR)  

Logistic Regression is a general linear model that performs binary classification operations. The model uses the logistic 

function (or sigmoid function) to project input features into probabilities between 0 and 1. The model classifies articles 

into real or fake types based on a default decision boundary of 0.5. The selection of Logistic Regression as a model was 

due to its interpretability and computational efficiency along with the ability to handle text classification issues using TF-

IDF feature engineering. The model performs very well when the classes are in distinct linear regions. The only drawback 

of Logistic Regression is that it is sensitive to imbalanced datasets since it generates biased predictions whenever one class 

appears more than the other. Class weighting updates were made to enhance justice of the model by providing equal 

attention to actual and fake news items during training. 

 

3.3.2 Support Vector Machine (SVM) 

Support Vector Machine (SVM) operates as a strong classification method that determines an optimal hyperplane for 

separating points from various classes. SVM performs binary classification tasks including fake news detection by 

optimizing class separation through the establishment of distances from the decision boundary to the support vectors. The 

approach seeks parameters that establish the largest margin between classes together with reduced misclassification rates. 

The implementation of SVM in this study used a linear kernel because TF-IDF vectorized text data tends to be linearly 

separable within high-dimensional spaces. Using the linear kernel improves computational performance while it helps the 

model generalize better and lowers the chances of overfitting. 

The ability of SVM to handle high-dimensional data makes it highly suitable for text classification tasks. A significant 

disadvantage of this approach emerges when dealing with large datasets because computational complexity increases 

substantially. Feature selection methods were implemented to minimize data dimensions which enhanced the speed of 

processing. The enablement of probability estimation in SVM provided more interpretable results by generating confidence 

scores for predictions. 

 

3.3.3 Random Forest Classifier (RF)  

Random Forest Classifier implements ensemble learning through multiple trained decision trees which combine their 

predictions to deliver improved accuracy alongside reduced overfitting. During its operation the model selects random 

features and trains separate decision trees on different data subsets through bootstrap aggregating (bagging). The final 

outcome results from allowing the trees to vote collectively. Random Forest received selection because it addresses non-

linear data separation while utilizing ensemble techniques to prevent overfitting. Random Forest detects intricate 

relationships between text attributes which Logistic Regression models would fail to recognize. Random Forest faces a 

major performance challenge because its computational cost rises steeply when the number of trees grows. The number of 

estimators (trees) was limited to 100 to reduce processing costs and max depth received optimization during 

hyperparameter tuning to reach optimal performance-efficiency equilibrium. Random Forest provides an important 

advantage through its ability to evaluate feature importance. Random Forest assigns importance scores to individual words 

which enables interpretability in fake news detection because SVM and Logistic Regression treat all features equally. The 

analysis reveals which terms prove most critical for distinguishing between genuine news articles and fabricated content. 

4. Comparison and Considerations 

The dataset underwent TF-IDF transformation for feature extraction before training and testing each model to maintain 

uniformity between learning algorithms. The models received evaluation through accuracy, precision, recall, F1-score and 

ROC-AUC metrics to establish their effectiveness. Table 1. Demonstrate the strength and limitation of each model. 

The Logistic Regression model served as a solid starting point yet SVM generated superior results because it located the 

best decision boundaries across high-dimensional spaces. The Random Forest model achieved the best predictive accuracy 

through ensemble learning yet this came with higher computational complexity. 
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Table 1. Strength and limitation of each model 

Model Strengths Limitations 

Logistic Regression Simple, interpretable, computationally efficient 
Assumes linear separability, sensitive to 

imbalanced data 

Support Vector 

Machine (SVM) 

Works well with high-dimensional text data, robust 

against overfitting 

Computationally expensive for large 

datasets 

Random Forest 

Classifier 

Captures complex patterns, resistant to overfitting, 

provides feature importance scores 

High computational cost, requires tuning for 

optimal performance 

5. Training and Validation 

The machine learning models received proper training and validation through an engineered process that enabled them 

to learn real and fake news distinction while demonstrating strong generalization capabilities. The process included 

dividing the dataset into training and testing sets through stratified sampling to create a well-structured training process. 

 

5.1 Dataset Splitting  

The dataset received an 80/20 split for training and testing purposes through stratified sampling. The stratification 

approach helped maintain equal distribution of real and fake news articles between sets to avoid biases that favored the 

majority class. The models developed patterns which represented the complete dataset instead of focusing exclusively on 

one class because of this approach. The test data remained inaccessible to the training process to provide an unbiased 

evaluation of model performance with new inputs. 

 

5.1.1. Model Training  

The three chosen models consisting of Logistic Regression (LR), Support Vector Machine (SVM), and Random Forest 

Classifier (RF) received separate training sessions using the preprocessed dataset. The Logistic Regression model received 

L2 regularization to avoid overfitting while keeping the balance between bias and variance stable. The SVM model 

operated with a linear kernel because text data transformed through TF-IDF vectorization typically becomes separable in 

high-dimensional space. The Random Forest Classifier operated with 100 decision trees where each tree drew its data from 

random subsets of the dataset. The ensemble method provided better classification accuracy through reduced variance 

while detecting intricate feature relationships. The models received iterative training which allowed them to modify their 

parameters through training data to achieve minimum classification errors. During the training phase models received 

labeled text data to learn patterns and recognize word usage relationships that indicate news authenticity. Through training 

the models gained the ability to recognize linguistic features which differentiate real from fake news through their use of 

sensational language and biased phrasing and misleading headlines. 

 

5.1.2. Cross-Validation 

 The implementation of Stratified 5-Fold Cross-Validation served as a method to prevent models from fitting exclusively 

to particular segments of training data. The training dataset received a division into five equal parts through this technique. 

The training process utilized four validation sets from the total data while the remaining set functioned as the validation 

set. The validation process ran five times where each fold operated as the validation dataset once. The model performance 

at the end was computed through an average of results obtained from the five iterations. The cross-validation method served 

as an essential tool for preventing overfitting because it prevented models from depending on particular patterns in the 

training data. The approach provided a better prediction of model performance by testing them on different data subsets 

which resulted in selecting the most effective classifier. 

 

5.1.3. Hyperparameter 

Tuning The models received hyperparameter tuning to enhance their classification performance. The search for optimal 

model configurations used both grid search and random search methods instead of default parameters. The optimization of 

regularization strength in Logistic Regression worked to achieve a balance between model complexity and performance. 

The SVM model underwent margin width optimization to achieve better classification results. Random Forest received 

adjustments for the number of decision trees along with tree depth to establish an optimal balance between learning capacity 

and computational efficiency. The tuning process was crucial for improving model decision boundaries to achieve good 
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performance on training data as well as new unseen articles. Hyperparameter tuning through systematic parameter testing 

allowed the model to achieve its highest predictive accuracy while keeping its interpretability at a maximum level. 

 

5.1.4. Final Model Evaluation 

on the Test Set After training and validating the models, they were applied to the 20% unseen test set to determine their 

actual performance. The models were required to classify news articles as real or fake, and their predictions were compared 

against actual labels. Several performance metrics, including accuracy, precision, recall, F1-score, and ROC-AUC, were 

used to assess their effectiveness. The final evaluation provided insights into how well each model generalized beyond the 

training data and helped determine the best-performing classifier for fake news detection. 

 

5.1.5 Preventing Overfitting and Underfitting  

A number of techniques were used to ensure that the models had the right learning capacity and generalization. 

Regularization techniques, such as L2 regularization in Logistic Regression and tuning of the soft-margin in SVM, 

prevented the overfitting problem. Moreover, feature selection was used to eliminate irrelevant terms in the TF-IDF 

representation so that dimensionality is reduced and the efficiency of the aforementioned models is enhanced. Moreover, 

the application of ensemble method in Random Forest decreases overfitting because it is aggregating the prediction of 

multiple decision trees. These types of techniques were used to train the models to be insensitive and able to distinguish 

between real and fake news stories without being very sensitive to minor variations in the dataset. This confirms that the 

system of classification would act in a predictable manner in real life application.  

 

6. Result 

6.1 Performance Metrics 

Evaluation of ML model performance for fake news detection need the calculation of standard classification metrics. 

The evaluation process uses multiple metrics to evaluate various aspects of model effectiveness which present a thorough 

assessment of predictive accuracy and discriminative capability and robustness. 

 

6.1.1. Accuracy  

The accuracy metric calculates the total number of correctly identified instances among all predictions including true 

positives and true negatives. The metric functions as a basic measure to evaluate the overall performance of a model. 

Accuracy provides useful information for balanced datasets but it becomes deceptive when dealing with class-imbalanced 

data because it fails to identify specific error types. 

                                                 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
                                                      (1) 

6.1.2. Precision 

Precision (also called positive predictive value) measures the ratio of actual true positive predictions versus all positive 

predictions made by the model. The ability of a model to reduce false positives is essential in applications where real news 

misclassification (false alarms) produces important negative consequences. The model demonstrates reliability in 

predicting positive class instances when precision levels are high. 

                Precision =
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
                                  (2) 

 

6.1.3. Recall (Sensitivity) 

The recall metric calculates the number of actual positive instances which the model correctly identifies. The model 

needs to perform well in scenarios which require detecting all relevant cases because missing positive instances (e.g. failing 

to detect fake news) produces greater costs than false alarms. The model achieves high recall which results in minimal false 

negatives because it effectively detects most instances of fake news. 

                                              Recall =
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+ 𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
                                                            (3) 

6.1.4. F1-Score 

The F1-score calculates the harmonic mean between precision and recall to provide a balanced evaluation of false 

positives and false negatives. The F1-score serves as an essential metric in imbalanced datasets because it prevents 

suboptimal performance from occurring when optimizing for precision or recall separately. The F1-score extends from 0 

to 1 where higher values show improved precision-recall equilibrium. 
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                                               F1 =
2 .𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 .𝑅𝑒𝑐𝑎𝑙𝑙

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+ 𝑅𝑒𝑐𝑎𝑙𝑙 
                                                                                       (4) 

 

6.1.5. ROC-AUC (Receiver Operating Characteristic - Area Under the Curve) 

The ROC-AUC metric measures how well a model distinguishes between classes across all possible classification 

thresholds. The ROC curve visualizes the relationship between true positive rates (recall) and false positive rates (1 - 

specificity) across different classification thresholds and the AUC provides a condensed single value between 0.5 (random 

guessing) and 1 (perfect discrimination). Strong class separation in a model result in high ROC-AUC values which enable 

it to distinguish real from fake news at any classification threshold. 

 

6.1.6 Comparative Analysis of Machine Learning Models for Fake News Detection 

The standard classification metrics (accuracy, precision, recall, F1-score, ROC-AUC) were used for the evaluation of 

Logistic Regression (LR), Support Vector Machine (SVM), and Random Forest (RF) models. The dataset was split into 

training (80%) and testing (20%) sets and TF-IDF vectorization was applied to textual features. The results are presented 

in Table 2. 

 

Table 2. Performance Matrices Comparison 

Metric Logistic regression SVM Random Forest 

Accuracy 98.1% 98.005 97.50% 

Precision 98.20% 98.01% 97.00% 

Recall 98.00% 97.90% 98.50% 

F1-score 98.10% 98.00% 97.70% 

ROC-AUC 0.995 0.994 0.992 

 

The performance of three machine learning models, viz. Logistic Regression (LR), Support Vector Machine (SVM), 

and Random Forest (RF), was compared in fake news detection on the basis of a comprehensive set of classification metrics. 

The results show significant differences in model competency that are important for different performance characteristics. 

Overall accuracy for all three models was high, with Logistic Regression performing slightly higher than SVM (98.10% 

vs 98.00%) and Random Forest (98.10% vs 97.50%). These accuracies tell us that all three algorithms were able to perform 

well on our test set in terms of distinguishing between real and fake news articles. The high accuracy scores imply that TF-

IDF feature representation was able to capture discriminative lexical patterns between the two classes. Nevertheless, since 

our dataset is almost balanced between the two classes, we wanted to perform additional analysis with more interpretable 

metrics in an effort to better interpret the model performance. The precision and recall metrics showed that the models 

differed in their performance. The highest precision (98.2%) was achieved by Logistic Regression, followed closely by 

SVM (98.1%), which means that these models were more successful at avoiding false positives (real news being labeled 

as fake news). On the other hand, Random Forest showed the best recall (98.5%), which means it was better at identifying 

real fake news articles, though it had a slightly higher false positive rate (precision = 97.0%). The F1-scores, which are the 

harmonic mean of precision and recall, indicated that Logistic Regression (98.1%) had a small but consistent edge over 

SVM (98.0%) and Random Forest (97.7%). The ROC-AUC analysis gave further insight into the performance of the 

models across all possible thresholds. All three models had excellent scores (LR: 0.995, SVM: 0.994, RF: 0.992) in terms 

of class separation. The near-perfect AUC values obtained by the models mean that they can effectively sort news articles 

by how likely they are to be fake, no matter what threshold is chosen for classification. The small differences in AUC 

scores between models suggest that the choice of algorithm may not be as important as feature engineering in this particular 

task. Moreover, inspection of the confusion matrices in figure 1. introduced more detailed performance metrics. Logistic 

Regression had the least number of false positives (20 instances), so it would be particularly appropriate for applications 

in which the wrong identification of real news as fake news has serious consequences. Random Forest, despite producing 

40 false positives, had the least number of false negatives (5 instances), thus making it more appropriate for applications 

where it is desirable to detect all potential fake news, even at the cost of sometimes misclassifying real news. SVM had an 

intermediate performance on both types of errors, which may offer a balanced solution to these conflicting goals. 
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Figure  1 . Confusion matrices 

The models showed different computational efficiency throughout training and inference phases. The fast-training times 

of Logistic Regression make it well-suited for applications needing regular model updates. The training speed of SVM was 

slightly slower than other models but it provided similar prediction performance during inference. The high computational 

requirements of Random Forest for training and prediction might restrict its deployment in limited resource settings even 

though it delivers excellent recall results. The findings indicate that model selection should depend on particular application 

needs instead of using strict performance criteria. The general fake news detection task requires Logistic Regression as the 

best solution because it provides both high accuracy and efficient computation. Random Forest offers better recall 

performance which might be worth its increased computational expenses when false negative minimization takes priority 

such as in public health misinformation detection. SVM serves as a suitable option when users need data robustness against 

specific noise types even though precision levels decrease slightly. 

7. Conclusion and Future Work 

This paper presented a comprehensive approach for fake news classification by employing text preprocessing methods 

in conjunction with machine learning model. The preprocessing pipeline included—text normalization, feature 

engineering, and TF-IDF vectorization—was successful for the generation of discriminative features, as validated by all 

models' high performance (accuracy >97.5%, ROC-AUC >0.99). The Logistic Regression model had the optimal balance 

of accuracy and F1-score with 98.1% while Random Forest had the best recall rate at 98.5% which suits applications 

requiring high sensitivity. The results confirm that accurate text preprocessing methods attain more accurate detection 

results than selecting other classification algorithms. Future research directions must follow three main directions which 

include: (1) Developing hybrid models that integrate existing feature engineering approaches with deep learning 

embeddings such as BERT to boost semantic understanding; (2) Scaling up analysis to include visual content and 

propagation dynamics in combating contemporary misinformation strategies; and (3) Designing adaptive learning systems 

that can update themselves to counter new disinformation strategies. Practical application requires additional work on 

model interpretability along with multilingual testing to achieve global usability. The proposed enhancements would 

resolve existing limitations without compromising the computational efficiency of the system and detection reliability. 
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