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Abstract. Misinformation and disinformation spread rapidly on social media, so reliable mechanisms are needed to classify news as fake
or real. Although deep learning models have become increasingly popular, traditional machine learning methods remain relevant because
they are easier to interpret and can be very efficient. This paper proposes a lightweight framework for fake news detection that uses
linguistic and sentiment-based features of the textual content. The framework was evaluated in detail, and the results show that the
Bidirectional Encoder Representations from Transformers (BERT) model outperformed the other models in accuracy, while traditional
models with engineered features performed adequately at a much lower computational cost. The results demonstrate the effectiveness of
simple yet powerful methods for detecting fake news from the text of complete news articles.
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I. Introduction
Fake news is a widespread problem in digital and social
media and a major threat to public opinion, democratic pro‐
cesses, and trust in society. Internet-based channels for dis‐
seminating information are widely available, and this acces‐
sibility allows misinformation to spread rapidly and to reach
a large audience before fact-checking and similar interven‐
tions can take effect. Fake news detection is therefore an im‐
portant research challenge in natural language processing
(NLP), machine learning, and social computing  [1]. Fake
news detection techniques have advanced considerably,
moving from classic content-based techniques to methods
that exploit contextual, structural, and explainable as‐
pects [2]-[4]. In particular, explainable artificial intelligence
(AI) that is interpretable at the model level has gained sig‐
nificance, given the need to support real-world decision-
making [2], [5].

Early techniques for detecting fake news relied on classic
machine learning methods based on hand-crafted textual
features, including term frequency-inverse document fre‐
quency (TF-IDF), n-grams, lexical patterns, readability in‐
dices, and sentiment polarity. These features were usually
combined with classifiers such as naive Bayes, logistic re‐
gression (LR), and support vector machines (SVMs), which
are highly efficient and easy to implement  [6]-[8]. Such
models, however, often fail to capture the more complex
patterns of meaning and context in news text. Because of
these disadvantages, recent research has turned to methods
such as convolutional neural networks (CNNs)  [7],
recurrent neural networks (RNNs)  [9], and transformer

architectures  [10], which are better at learning contextual
representations.

Bidirectional contextual information is useful for many
NLP tasks, and transformer-based models such as Bidirec‐
tional Encoder Representations from Transformers
(BERT)  [11] now achieve state-of-the-art language under‐
standing [7], [10]. Fusion methods that combine textual and
knowledge-based information with the social context of the
text have also been introduced to improve detection perfor‐
mance  [6], [9]. Graph-based learning methods have at‐
tracted interest for capturing user-user and news-source re‐
lationships, which give a better picture of how misinforma‐
tion spreads over networks [12] and how it propagates [5].
These techniques are more reliable but can be complex and
require large datasets.

More recently, multimodal approaches have been studied
to overcome the shortcomings of purely text-driven models,
and a similar direction has been taken by knowledge-aware
approaches that incorporate external knowledge  [4], [13].
Although effective, such models often have high computa‐
tional requirements and complex architectures, which can
hinder their adoption in resource-constrained and real-time
applications.

There is therefore a clear trade-off between model com‐
plexity and computational efficiency. Simple machine learn‐
ing models deserve attention because they are more inter‐
pretable, simpler, and require less processing power and
memory than advanced transformer and multimodal mod‐
els. To address this need, this paper proposes a small and ef‐
ficient framework for fake news detection on complete news
articles that employs classical learning models with linguis‐
tic and sentiment-based feature engineering. The approach
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is further evaluated against a transformer-based model to
examine the performance trade-offs. The main contributions

of this work are as follows:

Fig. 1. Proposed framework for fake news detection.

A lightweight fake news detection framework based on
linguistic and sentiment features.
A comparison of traditional machine learning models
with a transformer-based model.
An assessment of model performance under practical
conditions.

II. Proposed Framework
The proposed framework aims to classify complete news ar‐
ticles as fake or real by combining linguistic feature engi‐
neering with machine learning models. The entire system is
shown in Fig.  1 and can be divided into four stages: data
collection, data preprocessing, feature extraction, and classi‐
fication.

The ISOT Fake News dataset was used, which contains
approximately 23,500 fake and 21,400 real news articles, to‐
gether with short statements. The dataset was preprocessed
for binary (real versus fake) classification. All text was con‐
verted to lowercase, special characters were removed, and
the text was tokenized and normalized to improve consis‐
tency. In the feature extraction step, the text was represented
by statistical and linguistic features. The TF-IDF model was
used to weight word terms. The term frequency of a word 
in a document  is

where  denotes the count of  in . Similarly, the inverse
document frequency (IDF) is defined as

where  is the total number of documents and  is the
number of documents that contain the term . The TF-IDF
score is then computed as in (3):

Sentiment analysis was also used to capture the emo‐
tional tone of each news item or sentence, and linguistic fea‐
tures such as lexical diversity were extracted to enrich the
representation further. These techniques were combined
into a hybrid representation that helps the model identify
both statistical and higher-level characteristics. Let ,

, and  denote the TF-IDF, sentiment, and linguistic
feature vectors, respectively. The final feature representation
is the concatenation given in (4):

First, LR was used to obtain the probability of each class
in the binary classification. LR is a linear classifier that as‐
sumes a linear relation between the features and the label,
which makes it simple and efficient. The second model, an
SVM, finds an optimal hyperplane that separates the data
points of the two classes and is effective at handling high-
dimensional feature vectors. Finally, the transformer-based
BERT model analyzes the contextual cues of a text through
deep bidirectional representations. The framework takes the
news text as input and converts it into structured features,
which are passed to the traditional classifiers (LR and
SVM); BERT classifies the text directly. Using three models
makes it possible to choose the one with the best balance of
computational efficiency and performance.

III. Experimental Setup and Results
The proposed framework was evaluated for fake news detec‐
tion on complete news articles. It was implemented in
Python on the Google Colab platform, using scikit-learn for
the classical models and Hugging Face Transformers for the
BERT model. Sentiment and linguistic features were ex‐
tracted with the Natural Language Toolkit (NLTK), a text
processing library.

In the first experiment, the model was trained with the
hybrid features, and feature importance was obtained from
the learned coefficients. Fig.  2 shows the most influential

(1)

(2)

(3)

(4)
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features: positive coefficients indicate fake news and nega‐
tive coefficients indicate real news, reflecting semantic and
stylistic patterns. The figure shows that fake news tends to

use informal wording, whereas real news uses formal word‐
ing. Some features also indicate biases that arise from
stylistic patterns.

Fig. 2. Features associated with real and fake news based on logistic regression coefficients.

The SVM was then applied to improve performance, par‐
ticularly in the high-dimensional TF-IDF feature space, by
maximizing the margin between classes; a linear kernel was
used for accurate text classification. The SVM distinguished
real from fake news better than LR, which reflects its ability
to process sparse, high-dimensional data well. At the same
time, the SVM offers less insight into the model's behavior,
which makes it less interpretable.

To improve detection accuracy further, the BERT trans‐
former model was incorporated. BERT processes raw text
directly and learns contextual behavior and patterns through
deep bidirectional encoding. It can therefore capture the se‐
mantic relationships within a sentence and identify subtle
cues and semantic inconsistencies, which helps it identify
misinformation in the article text.

To assess the classification behavior of each model fur‐
ther, confusion matrices were produced for LR, SVM, and
BERT, as shown in Fig. 3. LR had relatively higher misclas‐
sification rates, especially for borderline cases of fake and
real news. The SVM performed better, with fewer false pos‐
itives and false negatives, and is well suited to high-
dimensional TF-IDF feature spaces. BERT performed best,
with the most correct predictions and the fewest classifica‐
tion errors.

Fig. 3. Confusion matrices of (a) logistic regression, (b) support vector ma‐
chine, and (c) BERT.

Table 1 compares the performance of the models. Preci‐
sion, recall, and F1-score were computed from the confu‐

sion matrices in Fig.  3, with class 1 as the positive class.
LR was less effective than SVM and BERT. Transformer-
based models capture the contextual and semantic relation‐
ships within text but are more expensive to compute,
whereas the traditional models reach comparable accuracy
with lower computational requirements.

Table 1. Performance Comparison of Models

Model
Accuracy

(%)
Precision

(%)
Recall

(%)
F1-score

(%)

Logistic regression 88.0 86.5 90.0 88.2
Support vector machine 90.0 89.2 91.0 90.1
BERT 94.0 94.0 94.0 94.0

IV. Discussion and Limitations
The experimental results show that combining feature engi‐
neering with machine learning models is beneficial for de‐
tecting fake news. LR gives insight into linguistic and stylis‐
tic patterns, which makes its features interpretable. The
SVM improved classification performance on high-dimen‐
sional, sparse data. BERT captured the meaning of relation‐
ships at the text level, which further improved detection.

The proposed framework has some shortcomings. First,
the data may contain inherent biases, such as the writing
styles of particular sources, which the models may learn in
place of genuine signals of fake news. This can produce a
model that reflects the typical attributes of fake news in one
dataset, or patterns specific to that dataset, rather than cues
that generalize. Second, the traditional machine learning
models depend heavily on feature engineering and often
cannot capture deeper semantics. Third, although BERT
achieved the highest accuracy, it takes longer to train and
costs more to run, which makes it less suitable for online or
resource-constrained deployment. Finally, the method con‐
siders only textual information and does not use multimodal
information such as images, video, and user metadata,
which could further improve detection performance.
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V. Conclusion
This paper presented a hybrid framework for fake news de‐
tection on complete news articles. The experimental results
show that LR and SVM have a low computational cost and
can be used in lightweight or real-time applications, while
the BERT model achieved higher accuracy and stability
than the traditional methods. The study also identified sev‐
eral challenges, such as data bias and the computational
complexity of deep learning models. Future work will ex‐
tend this study to lightweight training of transformer mod‐
els, hybrid models, and the integration of multimodal data,
such as images and social context, to further improve detec‐
tion performance.
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