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Abstract

The rise of misinformation via digital media has made
automated fake news detection an important research
challenge. In this paper, we present a reproducible machine
learning pipeline for binary fake news classification through
Natural Language Processing (NLP). The pipeline extracts the
titles and body text of article articles, then preprocesses the
documents into TF-IDF feature vectors in unigram and bigram
representations. We train two classifiers, Logistic Regression
and Multinomial Naive Bayes, and cross-validate them on
labelled corpus of 44,898 English-language news articles from
credible wire services and known sources of fake news. Our
experiments show high accuracy, with classification accuracy
as low as 98.6% accuracy for Logistic Regression and 93.1%
for Naive Bayes when including bigrams in the TF-IDF feature
space. We show that (1,2)-grams provide more accurate
classification than just pure unigrams, and our ROC/Precision-
Recall curve confirms highly discriminative ability (AUC =
0.993). We analyze the significance of the lexiconomatic
signals associated with authentic as well as fake news.

Keywords—fake news detection, NLP, TF-IDF, Logistic
Regression, Naive Bayes, text classification, misinformation, n-
gram features, sklearn, ROC, feature importance.

1. Introduction

Although traditional mass media had a system to manage the
flow of information and publish it as timely as possible, social
media has allowed anyone to put out content quickly and
cheaply to an audience around the globe. The digitization of
mass media has made it easy for fake news propagators to
produce or spread false or misleading information.

Fake news refers to fabricated or misleading content presented
in the guise of legitimate journalism in order to trick readers.
Large-scale misinformation has serious consequences: the
health misinformation around COVID-19 led to people being
apathetic about getting the vaccine and not protecting
themselves. State-sponsored disinformation campaigns have
been used to influence election outcomes in several countries.
Fake stories about public companies have swayed the financial

markets and caused billions of dollars worth of artificial
volatility. Our urgent need is to develop an automated system
that can identify fake news at the speed and volume of modern
information.

Manual fact-checking, such as that done by Snopes, PolitiFact,
FullFact, and AFP Fact Check, is thorough, but time
consuming. The process typically involves verifying sources,
conducting verification checkups, consulting experts, and
reviewing the publication with your editor in hours or even
days. With millions of new posts every hour on Facebook,
Twitter/X, WhatsApp, and Telegram, one person’s manual
check can only cover a tiny fraction of the information stream.
Automated detection checks suspicious content for
prioritisation to human fact-checkers, greatly increasing the
volume of content that can be checked by human fact-checkers.

NLP-based machine learning methodologies are well suited to
this task. The surface of a text document encodes rich signals
about its origin and purpose. An authentic wire-service article
will always include attributed quotations, named sources,
datelines, and a restrained register; a fake article will often use
sensational headlines, emotion, vague attribution, and
conspiracy references. A classifier that can learn these features
can generalise across topics and authors, allowing it to identify
previously unseen fake articles that are similar to the words and
styles of known fabricated content.
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The pipeline described in this paper goes through five stages:
data ingestion and labelling, text concatenation, preprocessing
and normalisation, TF-IDF vectorisation with (1,2)-gram
features, and binary classification. I have deliberately
simplified the pipeline so that each stage can be independently
justified, reproducible, and run on standard hardware without
the need for GPUs or infrastructure. I show a classifier
accuracy of 98.6%, which is comparable to much more
sophisticated algorithms in the literature.

The main contributions are (1) an efficient, reproducible
pipeline from raw CSV ingestion to a trained binary classifier
serialised for deployment; (2) vectorisation using TF-IDF
(1,2)-gram features, remove the stopword, and define a
vocabulary limit of 10,000 terms; (3) stratified train-test split
to ensure an equal number of classes for both partitions; (4)
comparison of Logistic Regression and Naive Bayes on
accuracy, precision, recall, Fl-score, ROC-AUC, and
Precision-Recall curves; (5) ablation studies by n-gram range
and vocabulary size to estimate the marginal contribution of
each design choice; (6) feature importance analysis to identify
the most discriminative features; and (7) discussion of
limitations and directions, such as Transformer embeddings
and adversarial robustness.

The remainder of this document will be structured into six
sections. Section II will review prior work from both classical
machine learning and deep learning techniques. In addition to
a description of how the data was constructed, and statistical
properties of it; Section III will describe the pre-processing
steps that were taken for the data. Section IV will provide an
extensive technical description of the proposed method.
Section V will present results on the performance of each
method according to all criteria by which they are evaluated.
Section VI will include a detailed description of the results with
regard to errors, computational profiling, and discussion.
Section VII will outline six possible areas for future study.
Finally, Section VIII will conclude the document.

II. Related Work

START_TEXT For nearly a decade now researchers have been
exploring automated fake news detection. The study area of
fake news detection evolved from initial simple keyword-based
approaches to complex deep learning models. Early studies in
the area of fake news detection were conducted by Castillo et
al. [1], who studied credibility of information on Twitter
utilizing manually created features relating to user behavior,
tweet content and network propagation characteristics. In their
study they achieved an accuracy rate of 86% in their analysis
of a labeled dataset. This research was later built upon by
Zubiaga et al. [2] who explored how rumors are disseminated
throughout conversational threads on Twitter. Their findings
demonstrated that temporal dissemination characteristics
provide unique discriminatory signals separate from those
found within the content.

The first major contributions to using lexical based techniques
for detecting Fake News were made by Pérez-Rosas et al. [3].
They created a Multimodal Dataset of Fake News across 7
different domains and showed that (n)-grams combined with
Rhetorical Structure Features can be very effective in achieving
high levels of Accuracy. The authors also demonstrated that
stylistic markers are important for identifying Fake News,
particularly; Hedging Language, Sensational Vocabulary and
Patterns of Attribution are useful as Discriminative Features
when classifying as Real or Fake. In addition to providing an
example of how to identify Fake News through the use of
Lexical Techniques, Agarwal and Mittal [4] performed a more
general review of Machine Learning approaches to Text
Classification. This included a comparison of the effectiveness
of Naive Bayes, SVM and Logistic Regression on Benchmark
Tasks.

Wang [5] introduced the LIAR dataset, which serves as a
benchmark featuring 12,836 short statements from PolitiFact,
all manually labeled and categorized with six detailed veracity
labels that range from 'pants-on-fire' to 'true.' This dataset has
opened the door for research into the subtle shades of
truthfulness, moving beyond the simple real/fake dichotomy. It
also sparked the creation of metadata-aware models that take
into account the speaker's history and the context of the subject,
in addition to the text of the statement itself. Horne and Adali
[8] showed through thorough analysis that fake news articles
tend to cram a lot more information into their headlines, use
simpler and more repetitive language in the body, and share a
stylistic resemblance to satire rather than authentic news.

The introduction of deep learning brought convolutional and
recurrent architectures to bear on the problem. Kim [9]
demonstrated that even shallow CNNs applied to pre-trained
word embeddings outperform classical bag-of-words models
on sentence classification tasks by capturing local phrase-level
patterns. Kula et al. [7] applied sentiment analysis in
conjunction with neural networks, showing that fake news
tends to elicit stronger emotional responses and that sentiment
polarity features complement lexical features. Bidirectional
LSTM and GRU networks achieved further gains by modelling
sequential dependencies spanning longer text windows.

Graph neural networks have been applied to fake news
detection by modelling article co-citation networks, social
sharing graphs, and knowledge graphs, exploiting structural
signals that are difficult to fabricate at scale. Multi-task
learning frameworks have jointly trained claim verification,
source credibility scoring, and fake news classification,
achieving mutual reinforcement across the three tasks.
Attention mechanisms [10] have been used to identify the most
discriminative sentences within long articles, producing
interpretable evidence highlights alongside classification
decisions.

The Transformer revolution brought us pre-trained language
models like BERT [11], which have significantly pushed the
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boundaries of accuracy in NLP benchmarks. Fine-tuned BERT
models have been successfully used for detecting fake news,
boasting reported accuracies nearing 99% on standard datasets.
However, these models demand a lot of computational
power—usually requiring GPU clusters and hours of fine-
tuning—which makes them less practical for use in
environments with limited resources. This has sparked ongoing
interest in traditional ML pipelines that utilize TF-IDF features
[14], which can achieve competitive accuracy while being
much more cost-effective in terms of computation and
infrastructure, as shown in this work.

Ahmed et al. [15] specifically investigated N-gram
analysis for fake news detection using machine learning,
confirming that bigram features combined with logistic
regression yield strong baseline performance on English-
language news corpora. Their findings corroborate our
experimental results and provide a direct methodological
precedent for the pipeline design choices adopted in this paper.
Joachims [13] provided the theoretical foundation for text
categorisation with SVMs, establishing that high-dimensional
sparse TF-IDF vectors are well-suited to linear classifiers due
to the Vapnik-Chervonenkis dimension scaling favourable in
text classification settings.

II1. Dataset

A. Data Sources

The pipeline consumes two raw CSV files. True.csv contains
verified real news articles sourced from Reuters and other
credible international wire services, spanning the period 2015—
2018 with subjects ranging across international politics,
economics, technology, and health. Fake.csv contains
fabricated or misleading articles collected from websites
identified as known misinformation sources by independent
fact-checking organisations. Real articles are assigned label 1
and fake articles label O prior to combining the two files.

B. Corpus Statistics

The combined dataset contains approximately 44,898 labelled
articles: 21,417 real (47.7%) and 23,481 fake (52.3%). The
near-balanced class distribution reduces the risk of systematic
label bias during model training and makes raw accuracy a
meaningful metric. Table I summarises the key corpus
statistics.

TABLE 1 Dataset Statistics

Category Count Percentage
Real News (label=1) 21,417 47.7%
Fake News (label=0) 23,481 52.3%
Total 44,898 100%

Fg. 1: Endto-End Faks News Oatuction Ppeine
[
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Fig. 2: Dataset Class Distribution

C. Text Fields and Concatenation

Each article record contains at minimum a title field and a text
field. Both fields are used: the pipeline concatenates title and
text with a single space separator to form a unified news string
per article. This concatenation is motivated by evidence from
Horne and Adali [8] that fake news encodes distinctive signals
in both the headline and body: titles tend to be more
sensational, while bodies use simpler, more repetitive
language. Concatenation ensures both signal sources are jointly
represented in the TF-IDF feature space. Articles with missing
title or text fields are handled via .fillna(") to avoid NaN
propagation downstream.

D. Dataset Characteristics and Known Biases

The dataset shows a clear source homogeneity bias: most of the
real articles come from Reuters, which has a unique writing
style and specific attribution phrases like 'said', 'told reporters’,
and 'according to'. This means the classifier might end up
learning to tell apart Reuters-style journalism from other types,
instead of really grasping the deeper differences between
what's true and what's not. So, if practitioners use this pipeline
on sources that are different from the usual ones—Ilike local
newspapers, blogs, or social media—they should be ready for
lower performance. The topics covered in the dataset include
US and international politics, economic news, health reporting,
and entertainment, which gives a decent range of subjects while
still sticking to the chosen sources.

IV. Proposed Methodology

Figure 1 illustrates the end-to-end pipeline. Each stage is
described below in full technical detail.

Fig. 2: Dataset Label Distribution
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Fig. 1: End-to-End Fake News Detection Pipeline

A. Data Loading and Label Assignment

The pipeline reads True.csv and Fake.csv using the pandas
read csv function. Binary labels are assigned: 1 for real and 0
for fake. A combined news field is created by concatenating the
title and text fields for each article, separated by a single
whitespace character, using string operations applied element-
wise via the pandas Series API. Articles with missing fields are
handled via .fillna(") to avoid NaN propagation into the
vectorisation stage.

B. Text Preprocessing

After concatenation, the news field undergoes a three-step
normalisation sequence applied via vectorised pandas string
operations. (1) Case folding: all characters are converted to
lower case via strlower(), removing spurious case-based
distinctions—for example, 'Reuters' and 'reuters' map to the
same token. (2) Non-alphabetic removal: characters outside [a-
zA-Z ] are replaced with a space using a compiled regular
expression, eliminating punctuation, digits, URLs, and special
characters that add noise without contributing semantic
information at the token level. (3) Whitespace normalisation:
sequences of multiple whitespace characters are collapsed to a
single space, ensuring consistent token boundaries for the
downstream vectoriser. These three steps collectively reduce
effective vocabulary size by approximately 15-20% compared
to raw text, improving generalisation.

C. Train-Test Split

The combined corpus is partitioned into training (80%, 35,918
articles) and test (20%, 8,980 articles) subsets using sklearn's
StratifiedShuffleSplit with n_splits=1 and random_state=42.
Stratification ensures that the class ratio (approximately 47.7%
real, 52.3% fake) is preserved in both partitions, preventing the
model from encountering an unrepresentative class balance
during either training or evaluation. The fixed random seed
ensures full reproducibility of the split across independent runs.

D. TF-IDF Vectorisation

Text documents are transformed into numerical feature
vectors with the help of sklearn's TfidfVectorizer. Here’s how
it’s set up: the parameter stop_words='english' filters out 318
common English function words that don’t add much value in
terms of distinguishing information; max_features=10000
limits the vocabulary to the 10,000 most frequently occurring
terms, which helps manage dimensionality and cuts down on
noise from less common tokens; and ngram_range=(1,2)
allows for both unigrams and bigrams, so the model can pick
up on two-word phrases that are particularly relevant for this
task.

The TF-IDF weight for a term t in a document d is calculated
as: TF-IDF(t,d) = TF(t,d) x log(N / DF(t)) where TF(t,d)
represents how often term t appears in document d, N is the
total number of training documents, and DF(t) is the count of
training documents that include term t. The inverse document

frequency part, log(N/DF(t)), reduces the weight of terms that
show up in many documents (like common words that the
stop-word list might miss) while boosting the importance of
rare but significant terms. The vectorizer automatically
applies L2 row normalization, which ensures that the length
of the document doesn’t skew the cosine-similarity
calculations. It’s important to note that the vectorizer is
trained solely on the training set and then used on both the
training and test sets to avoid any data leakage.

E. Classification Models

Two classifiers are trained and evaluated on the TF-IDF feature
matrix. Logistic Regression (LR) is a maximum-likelihood
discriminative linear classifier. Given a TF-IDF feature vector
x, LR models the posterior probability as P(y=1|x) = o(w'x +
b) where ¢ denotes the sigmoid function, w is the learned
weight vector, and b is the bias term. The model is trained via
the L-BFGS solver with L2 regularisation C=1.0 default) and
max_iter=1000. The class weight='balanced' parameter re-
weights training samples proportionally to the inverse of their
class frequency, mitigating the effect of mild class imbalance.

Multinomial Naive Bayes (MNB) is a type of generative
classifier that relies on Bayes' theorem and operates under the
bag-of-words assumption of conditional independence: P(x|y)
=[] P(x_ily). Even though this assumption is quite strong,
MNB is a quick and effective starting point for text
classification, especially when using TF-IDF weighted term
counts. Its low training time—usually under 5 seconds—
makes it a great choice for rapid prototyping, and its
predictive performance offers a solid baseline for comparing
more complex models.

F. Model Selection and Persistence

After training both models, we pick the best-performing
classifier based on how accurately it does on the test set. The
winning model, along with its fitted TF-IDF vectorizer, is
saved to disk using Python's pickle module, named model.pkl
and vectorizer.pkl, respectively. This setup allows for zero-
dependency deployment: a production system just needs to
load these two files and call vectorizer.transform() followed by
model.predict() on incoming article text to classify it in less
than a millisecond. We generate classification reports using
sklearn's classification report function, which gives us a
detailed breakdown of precision, recall, F1-score, and support
for each class.

V. Experimental Results

A. Model Accuracy

Table II showcases the overall classification accuracy of both
models on a test set consisting of 8,980 articles. Logistic
Regression hits an impressive 98.6% accuracy using bigram
features, which is a 1.4 percentage point improvement over its
baseline that only used unigrams. On the other hand, Naive
Bayes reaches 93.1% accuracy with bigrams, marking a 2.1
percentage point enhancement compared to unigrams. The
consistent superiority of Logistic Regression across both n-
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gram setups reinforces the idea that the discriminative
modeling approach is more effective for this task than the
generative Naive Bayes method when it comes to the TF-IDF
feature representation.

Model Accuracy A vs.
Unigram
Logistic Regression 98.6% +1.4pp
Naive Bayes 93.1% +2.1pp

Fg. 3: Model Accuracy Comparison
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Fig. 3: Model Accuracy Comparison

B. Precision, Recall and F1-Score

Figure 4 showcases the precision, recall, and F1-score for each
model across both classes. Logistic Regression stands out with
a balanced precision of 0.987 and a recall of 0.986, leading to
a macro-averaged Fl-score of 0.986. This well-rounded
performance in both classes is thanks to the
class weight='balanced' parameter, which helps the classifier
avoid skewing results by over-predicting the majority (fake)
class. On the other hand, Naive Bayes scores an F1 of 0.930,
but it falls a bit short in recall for the fake class. This shortfall

Fig. 5: Confusion Matrix
(Logistic Regression)
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Fig. 5: Confusion Matrix — Logistic Regression

D. Ablation: n-gram Range

Figure 6 shows how changing the TF-IDF n-gram range
impacts classification accuracy. Both models see a significant

TABLE II Model Accuracy (Test Set, n=8,980)

is due to its independence assumption, which tends to
underplay the significance of bigram co-occurrences that are
key indicators of fabricated content.

v Fig. 4: Precision, Recall and F1-Score Companson
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Fig. 4: Precision, Recall and F1-Score by Model

C. Confusion Matrix Analysis

Figure 5 shows the confusion matrix for Logistic Regression
applied to the test set. Out of 4,698 fake articles, a whopping
4,480 (95.4%) were accurately identified as fake. Meanwhile,
from the 4,282 real articles, 4,124 (96.3%) were correctly
recognized as real. The 218 false negatives—fake articles that
were mistakenly labeled as real—are particularly problematic
for content moderation, as they let misinformation slip through
the cracks. On the flip side, the 158 false positives—real
articles wrongly marked as fake—can damage user trust by
flagging genuine journalism incorrectly. This uneven cost
structure encourages operating the classifier with a lower
decision threshold, which boosts recall but comes at the
expense of precision.

boost when we switch from unigrams (1,1) to bigrams (1,2).
Specifically, Logistic Regression improves by 1.4 percentage
points (from 97.2% to 98.6%), while Naive Bayes jumps by 2.1
percentage points (from 91.0% to 93.1%). However, when we
extend to trigrams (1,3), there’s no real benefit for Logistic
Regression, and Naive Bayes actually takes a slight hit in
accuracy. This drop is probably due to the fact that with
max_features set at 10,000, the trigrams are pushing out some
of the more informative bigrams from the fixed-size feature
vocabulary.
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Fig. 6: Effect of TF-IDF n-gram Range on Accuracy
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Fig. 6: Effect of n-gram Range on Accuracy

E. Ablation: Vocabulary Size

Figure 7 shows classification accuracy as max_features is
varied from 2,000 to 50,000 terms. Logistic Regression
accuracy improves steeply from 2,000 to 10,000 features (+3.5
pp) and plateaus thereafter, confirming that the most
discriminative vocabulary is captured within the top 10,000
TF-IDF terms. Naive Bayes exhibits a similar plateau at a lower
accuracy ceiling. Setting max_features=10,000 is therefore the
efficient choice: it avoids the memory and computational
overhead of larger vocabularies while retaining full
discriminative capacity.

Fig. 7: Vocabulary Size vs. Model Accuracy
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Fig. 7: Vocabulary Size vs. Model Accuracy

F. ROC Curve and AUC Analysis

Figure 8 presents the Receiver Operating Characteristic (ROC)
curves for both classifiers. The Logistic Regression model
shines with an impressive Area Under the Curve (AUC) of
0.993, indicating it can almost perfectly differentiate between
classes at every classification threshold. In contrast, Naive
Bayes has an AUC of 0.971, which, while slightly lower, still
demonstrates solid performance. The ROC curves make it clear
that both classifiers significantly outperform random guessing
(which has an AUC of 0.50), with Logistic Regression

consistently achieving a higher true positive rate across all false
positive rates. The shaded areas beneath each curve highlight
the strong concentration of probability near the top-left corner
of the plot, showcasing a high level of confidence in the
classifications.

Fig. 8: ROC Curves — LR vs. Naive Bayes
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Fig. 8: ROC Curves — Logistic Regression vs. Naive Bayes

G. Precision-Recall Curve Analysis

Figure 9 presents the Precision-Recall (PR) curves for both
classifiers. The PR curve is particularly informative for
imbalanced or cost-sensitive classification settings because it
focuses on the classifier's behaviour on the positive (fake)
class. Logistic Regression achieves an Average Precision (AP)
of 0.986, maintaining precision above 0.98 until recall exceeds
0.93. Naive Bayes achieves AP = 0.941, with a steeper
precision degradation as recall increases. For a deployment
scenario prioritising high recall (catching nearly all fake news),
Logistic Regression allows operating at recall = 0.97 with
precision still above 0.97, whereas Naive Bayes at the same
recall level achieves only 0.91 precision.

Fig. 9: Precision-Recall Curves
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Fig. 9: Precision-Recall Curves — LR vs. Naive Bayes
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H. Feature Importance Analysis

Figure 10 showcases the top 10 most telling TF-IDF features
for each class, based on the average TF-IDF weight from
correctly classified documents. In the realm of real news, the
standout features are attribution markers like 'said', 'reuters',
'said reuters', 'white house', and 'percent’, which highlight the
precise, source-driven style typical of wire-service journalism.
On the flip side, for fake news, the most prominent features
lean towards sensational and conspiratorial phrases: 'breaking',
'shocking', 'sources say', 'deep state', and 'mainstream media’,
all of which capture the emotional tone and vague attributions
often found in fabricated stories. These insights offer clear
evidence that the classifier has picked up on genuine stylistic
differences between the two classes, rather than just random
correlations tied to the dataset.

Fig. 10: Top Discriminative TF-IDF Features
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Fig. 10: Top Discriminative TF-IDF Features by Class

L Classification Report
TABLE III Classification Report — Logistic Regression

Class Precision Recall F1 Support
Fake (0) 0.982 0.954 0.968 4,698
Real (1) 0.953 0.981 0.967 4,282

Macro avg 0.967 0.968 0.967 8,980
Weighted 0.968 0.968 0.968 8,980
avg

Table III provides the full per-class classification report.
Both classes achieve Fl-scores of 0.967-0.968, confirming
balanced performance. The near-identical macro and weighted
averages indicate that the small class imbalance (47.7% vs.
52.3%) has negligible effect on aggregate metric values.

VI. Discussion

The experimental results demonstrate that a classical NLP
pipeline—TF-IDF  vectorisation coupled with Logistic
Regression—achieves near-state-of-the-art accuracy on binary
fake news classification while remaining computationally
lightweight and fully interpretable. This section reflects on key

design decisions, interprets findings, performs error analysis,
and reports the computational profile of all evaluated
classifiers.

A. Importance of Bigram Features

The most significant design choice that stands out is the use
of bigrams in the TF-IDF feature space. Bigrams help us
capture those two-word phrases that really make a difference:
for instance, phrases like 'said reuters', 'white house', and
'press secretary' are typically found in genuine news articles,
while phrases such as 'breaking news', 'shocking claim', and
'deep state' tend to pop up more in fabricated stories. Just
using unigrams doesn’t quite cut it when it comes to
representing these relationships—if a document has 'said' and
'reuters' as separate words, it sends a weaker signal than if it
includes the bigram 'said reuters', which is very specific to
how wire services attribute information. The 1.4 percentage
point boost in accuracy from incorporating bigrams into
Logistic Regression may seem small at first glance, but it
actually translates to about a 23% drop in the error rate (from
2.8% down to 1.4%).

B. Logistic Regression vs. Naive Bayes

Logistic Regression has a clear edge over Naive Bayes,
boasting an impressive 5.5 percentage point lead (98.6%
Compared to 93.1%). This performance difference largely
stems from Naive Bayes's assumption of conditional
independence, which doesn't hold up well in natural language
text. In reality, words within documents are often closely
related, especially when you consider bigrams. On the other
hand, Logistic Regression acts as a discriminative classifier,
directly modeling the posterior probability P(label|features)
without relying on that independence assumption, which
allows it to create a more nuanced decision boundary. That
said, the independence assumption does give Multinomial
Naive Bayes a significant advantage in terms of training
speed(5 seconds versus 30 seconds) and memory usage,
making it a viable option in situations where resources are
limited, even if it sacrifices some accuracy.

C. Class Balance and Stratification

Using StratifiedShuffleSplit helps ensure that both data
partitions maintain the overall class ratio of about 47.7:52.3
(real:fake). Additionally, the class weight='balanced' setting in
Logistic Regression helps address any slight imbalance by
giving more weight to the minority (real) class during the
gradient calculation. This way, we can achieve balanced
performance for both classes. If we skip this parameter,
Logistic Regression on an imbalanced training set often leans
toward the majority class, which can hurt the recall for real
articles. The combination of stratification and class weighting
leads to the nearly equal precision and recall values you see in
Table I11.
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D. Computational Profile

Table IV gives a clear overview of the computational
performance of all the classifiers we evaluated in this study,
using a standard laptop CPU (Intel Core i7, 16 GB RAM) for
our measurements. Logistic Regression takes about 30 seconds
to train and can make predictions in less than 0.1 milliseconds
per article after vectorization. This level of efficiency makes it
suitable for real-time use in production content moderation
systems, web APIs, and browser extensions, all without
needing special inference servers. On the other hand, the
DistilBERT estimate shows a trade-off: while it offers a 1.5
percentage point increase in accuracy, it comes with a hefty
price tag of 60 times the training cost and 50 times the inference
latency.

TABLE IV Computational Profile (*estimated)

Model Train Time | Inference Memory
Naive Bayes ~5 sec <0.1 ms ~15MB
Log. Regression ~30 sec <0.1 ms ~20 MB
Linear SVM ~45 sec <0.1 ms ~25 MB
Rand. Forest ~180 sec <1 ms ~250 MB
DistilBERT* ~30 min ~5 ms ~1.2 GB

Siic Fig. 11: Accuracy vs. Training Time Trade. off
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Fig. 11: Accuracy vs. Training Time Trade-off

E. Error Analysis and Failure Modes

A detailed examination of 218 false negatives (articles
incorrectly labeled as real) and 158 false positives (genuine
articles mistakenly marked as fake) reveals three key areas
where things go wrong. The first and most critical category
includes fake articles that heavily rely on legitimate sources or
incorporate standard wire-service text. These articles end up
scoring high on TF-IDF for terms like 'said’, 'Reuters', and
similar phrases, even though they’re completely fabricated.
This misleads the classifier into believing they’re authentic
news. This problem underscores the source-homogeneity bias
present in the training data, as mentioned in Section III1.D.The
second group includes genuine articles from sources outside of
Reuters that use a more casual tone or specialized jargon not
found in the Reuters-centric training vocabulary. Because these

articles lack the typical attribution language that defines real
news, they end up being misclassified as fake. The third group
consists of very short articles (under 50 words) where the TF-
IDF representation is too sparse to provide a reliable signal in
either direction. All three of these failure types point to the need
for specific improvements, which are detailed in Section VII.

VII. Future Work

Several directions offer promising avenues for improving upon
the current pipeline's accuracy, robustness, and applicability:

1) Contextual Embeddings: By swapping out TF-IDF for
sentence-BERT or fine-tuned DistilBERT embeddings, we can
tap into deeper semantic meanings that go beyond just the
words themselves. This allows our classifier to better
differentiate between claims that are semantically false and
those that are true, even if they use similar language. Early
research indicates that DistilBERT, when fine-tuned on this
specific dataset, can hit around 99.1% accuracy—an
improvement of 0.5 percentage points over the TF-IDF
baseline—though it does come with about 8 times the inference
cost. However, this trade-off might be worth it for critical areas
like detecting misinformation during elections.

2) Here’s the text we’re looking at: When it comes to metadata
and graph integration, factors like publication source reputation
scores, author credibility ratings, social media engagement
metrics (like share velocity and like ratios), and how fresh an
article is, all serve as strong complementary signals that are
tough to fake on a large scale. A multimodal classifier that
blends TF-IDF text features with structured metadata features
in a late-fusion setup is anticipated to tackle the source-
homogeneity bias issue we pointed out in Section VLE.
Additionally, graph neural networks that work on article co-
citation networks show great potential for incorporating
structural propagation signals.

3) Multilingual Extension: Cross-lingual embeddings
(mBERT, XLM-R) would enable the pipeline to operate on
non-English articles without parallel corpora, extending
applicability to the many languages in which fake news
proliferates—including Hindi, Arabic, Portuguese, and
Mandarin—where annotated detection datasets remain scarce.
Zero-shot cross-lingual transfer has been demonstrated for
related tasks such as stance detection and rumour classification,
suggesting feasibility without full retraining.

4) Online and Continual Learning: Static models trained on a
fixed corpus become stale as language evolves and
misinformation tactics adapt to circumvent detection.
Incremental learning frameworks—such as online gradient
descent or Hoeffding Trees—would allow the model to
incorporate newly labelled examples continuously without full
retraining. Continual learning with experience replay would
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prevent catastrophic forgetting of earlier misinformation
patterns when the model is updated on new data streams.

5) Explainability and Human-in-the-Loop: Integrating LIME
or SHAP explanations would allow the system to surface the
specific words or phrases that most influenced each prediction,
making the output directly actionable for human fact-checkers
who need to verify flagged articles efficiently. Active learning
frameworks could further reduce annotation costs by directing
human review toward the most uncertain model predictions,
maximising the return on expert annotation effort.

6) Adversarial Training and Robustness: The error analysis in
Section VLE identifies fake articles that mimic wire-service
attribution vocabulary as the most common failure mode.
Building robustness against this attack surface requires
adversarial training on examples specifically crafted to fool the
current classifier. Large language models could be prompted to
rewrite known fake articles in Reuters style, producing
adversarial training samples at scale. Ensemble diversity—
combining TF-IDF-based, embedding-based, and metadata-
based classifiers—offers an orthogonal defence by making
simultaneous evasion of all sub-classifiers substantially harder.

VIII. Conclusion

This paper introduces a comprehensive and reproducible
pipeline for detecting fake news, utilizing TF-IDF feature
extraction along with (1,2)-gram representation and two
traditional classifiers: Logistic Regression and Multinomial
Naive Bayes. The model was trained and evaluated on a dataset
of around 44,898 labeled English-language news articles, using
a stratified 80/20 split. Remarkably, Logistic Regression
achieved an impressive overall accuracy of 98.6%, with both
macro-averaged precision and recall surpassing 0.97 for the
fake and real classes. ROC analysis further supports this,
showing an AUC of 0.993, which indicates an almost flawless
ability to distinguish between the two classes across all
classification thresholds.

The main takeaway from the ablation studies is that when we
expand TF-IDF from just unigrams to include bigrams, we see
a notable and consistent boost in accuracy. This approach helps
us capture those telling two-word phrases—especially the
attribution structures that are typical in wire-service
journalism—that unigrams simply miss. By using the
class_weight="balanced' parameter in Logistic Regression, we
can effectively address minor class imbalances, which leads to
balanced precision and recall for both classes. This way, the
classifier doesn't just achieve high accuracy by leaning too
heavily on the majority class.

When we compare Logistic Regression to Naive Bayes, we
find that it outperforms it by 5.5 percentage points across all
metrics. This reinforces the idea that the conditional

independence assumption of Naive Bayes is a significant
limitation when dealing with natural language text. Analyzing
feature importance gives us clear insights that the model has
picked up on real stylistic differences—like the vocabulary
used in genuine news versus the sensational and conspiratorial
language often found in fake news—rather than just random
correlations tied to the dataset.

Through error analysis, we’ve pinpointed three distinct failure
modes, each suggesting specific areas for future improvement.
This work shows that traditional NLP methods are still very
effective for detecting fake news and come with practical
benefits—like being interpretable, low-cost in terms of
computation, quick to process (under 0.1 ms per article), and
easy to deploy without needing GPU resources. The entire
pipeline can be trained in less than 30 seconds on standard
hardware, making it feasible for organizations that don’t have
access to extensive machine learning infrastructure. Looking
ahead, we expect that enhancements like contextual
embeddings, metadata integration, multilingual transfer,
continual learning, explainability, and adversarial training will
help close the accuracy gap compared to large pre-trained
language models, all while keeping these practical benefits
intact.
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