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Abstract:

Online platforms have made it possible for unverified or deliberately fabricated news stories to reach
large audiences within minutes, and separating such content from genuine reporting by hand is no longer
realistic given the volume involved. This work benchmarks four widely used supervised classifiers —
Naive Bayes, Support Vector Machine, K-Nearest Neighbour, and Decision Tree — on a common fake-
versus-real news classification task, drawing on roughly fourteen thousand labelled articles sourced from
Kaggle. Raw article text was normalized (case-folding, punctuation stripping, stop-word removal,
stemming) and converted into a TF-IDF feature matrix before being split, in an 80:20 ratio, into training
and test sets. A single tuning protocol — Grid Search paired with 5-fold Cross-Validation — was applied
uniformly to all four models rather than to a single favoured algorithm, a design choice intended to keep
the resulting comparison fair. Model quality was judged on Accuracy, Precision, Recall, F1-Score, and
Error Rate. Decision Tree came out on top, ahead of Naive Bayes, then SVM, with KNN trailing the
group; the resulting figures are also set alongside accuracy ranges reported for Graph Neural Network
methods elsewhere in the literature, though we flag that those figures come from different underlying
datasets.
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1. INTRODUCTION
The term “fake news” covers a range of deliberately false or distorted content that is packaged to look
like ordinary journalism. Because such content now travels through the same social platforms as
legitimate reporting, it can shape public opinion, interfere with elections, and even affect how people
respond to public-health guidance before anyone has had the chance to fact-check it [1]. Human
moderation cannot keep pace with the volume of content being produced and shared every day, which
is why researchers have turned to automated, learning-based classifiers as a practical alternative.

Work in this space spans a spectrum from lightweight, feature-based classifiers all the way to
deep neural architectures and graph-based models that exploit how a story propagates through a
network [2]. Graph Neural Networks and related deep-learning pipelines tend to shine when rich
contextual signals (who shared what, and when) are available [2], but plain text-only datasets are still
the norm in much of the applied literature, and here, simpler classifiers often hold their own — they
train quickly, need no specialized hardware, and their decisions are easier to trace back to specific
words or phrases [3], [4].
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This study restricts itself to four such classifiers — Naive Bayes, SVM, KNN, and Decision Tree
— and evaluates them side by side on the Kaggle Fake News Dataset. A recurring shortcoming in
prior comparative work is that tuning effort is concentrated on one “champion” model while the others
are left at their library defaults, which tilts the comparison. Here, the same preprocessing pipeline, the
same 80:20 split, and the same Grid-Search-plus-cross-validation tuning routine are applied to every
algorithm, so that differences in the final scores can be attributed to the algorithms themselves rather
than to uneven preparation. Section 2 surveys related work; Section 3 lays out the methodology;
Section 4 covers the implementation environment; Section 5 reports results; Section 6 places the
results against prior GNN-based findings; Section 7 closes with conclusions and directions for further
work.

2. RELATED WORK

Mishra et al. [1] pulled together findings from a range of GNN-based fake-news detectors, and
the accuracy figures they collected — spanning roughly 61% to 94% across datasets like FakeNewsNet,
PHEME, and the Twitter15/16 corpora — varied considerably depending on how much relational or
propagation information a given architecture was able to exploit.

A separate strand of work sticks to plain TF-IDF features and classical classifiers. Prachi and
colleagues [2] ran Logistic Regression, Decision Tree, Naive Bayes, and SVM head-to-head and found
Decision Tree came out ahead at just under 90% accuracy. Aabdalla and Vasumathi [3] pushed this
further, testing five algorithms on a pooled dataset of more than 44,000 articles, while a smaller-scale
comparison by Jain and Kaur [4] showed that even bare-bones Logistic Regression, SVM, and Naive
Bayes models can hold their own once the text has been properly cleaned. Dinesh [5] set Decision Tree
directly against Naive Bayes for a political-news subset and reported a clear edge for Decision Tree,
attributing it to the model's ability to carve out non-linear splits in the feature space. Kesarwani and co-
authors [6] looked at KNN in isolation and noted how badly it is affected once feature dimensionality
climbs — a concern that matters here given how sparse TF-IDF vectors tend to be.

Beyond single-classifier comparisons, a handful of studies stack or combine classical models.
Sahu et al. [7] benchmarked Naive Bayes, Decision Tree, Random Forest, SVM, and KNN on Kaggle-
derived data; Patil [8] pooled predictions from nine different classifiers through majority voting and
picked up a modest accuracy gain over any individual model; and Tijare [9] set Naive Bayes and SVM
against a Neural Network and an LSTM, concluding that the classical pair sacrificed only a little
accuracy while running far more cheaply. Dev and Bhatnagar [10] went a step further, hybridizing SVM
with Random Forest and comparing the blend against each component model on its own.

Deep-learning pipelines built specifically for this task offer a useful point of contrast even though
they fall outside this paper's scope. Kaliyar et al. [11] introduced FNDNet, a convolutional architecture
that learns its own feature representations rather than relying on hand-built ones, while Ruchansky et al.
[12] combined article text with user-response signals and source credibility in a single hybrid model
(CSI). More recently, large pretrained language models such as BERT and GPT have been surveyed as
general-purpose text classifiers, fake-news detection included [13], and n-gram-based features paired
with classical learners have separately been shown to hold up surprisingly well without needing any of
that architectural complexity [14]. Ali et al. [15] paired hand-engineered linguistic cues with a
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Bidirectional LSTM, and Ouassil et al. [16] combined several word-embedding schemes inside a hybrid
deep model; Choudhury and Acharjee [17], meanwhile, used SVM, Naive Bayes, Random Forest, and
Logistic Regression as fitness functions inside a genetic-algorithm search, and Dogan and Birant [18]
examined a weighted-voting ensemble scheme built from classical base learners. Closer to the present
setting but considerably more complex, Sharma et al. [19] combined BERT, LightGBM, SVM, and
XGBoost in a stacked multimodal ensemble for Indian news, fusing text and image modalities to reach
above 96% accuracy — at the cost of substantially greater architectural and computational overhead than
the four single-modality classical classifiers compared in this paper.

Taken together, this body of work makes one gap fairly clear: tuning is usually lavished on a
single headline algorithm, leaving the rest of the comparison set at default settings which is precisely the
imbalance this study tries to avoid by tuning all four algorithms under one shared protocol.

3. PROPOSED METHODOLOGY

Fig. 1 lays out the methodology used in this study: the raw dataset is cleaned and vectorized, split once
into training and test portions, fed in parallel into four independently tuned classifiers, and the resulting
predictions are scored and compared to settle on the strongest performer.

Kaggle fake news dataset

~14,000 labeled news articles

Data preprocessing
Clean, tokenize, stopwords, stem

Feature extraction
TF-IDF vectorization

Train-test split
80% train / 20% test

[ R

Naive Bayes SVM KNN Decision tree
Tuned params Tuned params Tuned params Tuned params

Testing & prediction
Apply trained models to test set

Performance evaluation
5 standard evaluation metrics

Compare & select best model
Based on comparative results

Fig. 1. Proposed methodology flowchart.
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3.1 Dataset

Experiments were run on the Kaggle Fake News Dataset, roughly 14,000 news items each tagged Fake
or Real, with a title field, a body-text field, and the label itself. Fig. 2 shows a short excerpt of the raw
table.

Unnamed: 0 e lexd b

LAW ENFORCEMENT ON HIGH ALERT Following Threal

Fig. 2. Sample structure of the Kaggle Fake News Dataset.

3.2 Data Preprocessing

Before any modelling, the raw table was checked for gaps, duplicated rows, and obviously malformed
entries. The surviving text was then normalized: everything lower-cased, punctuation and stray symbols
dropped, common stop words filtered out, and remaining words reduced to their stems, so that variants
of the same root word would not be treated as unrelated tokens downstream.

3.3 Feature Extraction

Cleaned text was turned into numeric vectors through TF-IDF weighting, which pulls down the
influence of words that appear almost everywhere and pushes up the weight of terms that are
comparatively rare and therefore more informative for telling fake articles apart from real ones.

3.4 Train-Test Split

The vectorized data was split once into an 80% training portion and a 20% held-out test portion, and this
exact split — not a fresh one per algorithm — was reused for all four classifiers so that none of them
saw an easier or harder slice of the data than the others.

3.5 Model Training and Hyperparameter Tuning

Every classifier was fit on the training portion, with its settings chosen through Grid Search and 5-fold
Cross-Validation rather than left at whatever a library ships by default. Table 1 lists what was searched
and what came out on top for each algorithm.

Table 1: Hyperparameter Configuration for models

Algorithm Key Hyperparameters Tuned Best Configuration
Naive Bayes Alpha (smoothing), fit_prior Alpha = 1.0, fit_prior = True*
SVM Kernel, C, Gamma Kernel = Linear, C=1, Gamma =
0.001*
KNN n_neighbors, weights, distance k =5, weights = distance*
metric
Decision Tree Criterion, max_depth, Gini, max_depth = 15,
min_samples_split, min_samples_split =2,
min_samples_leaf, splitter min_samples leaf = 1, splitter =
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best
*The NB, SVM, and KNN entries should be cross-checked against the final Grid Search logs before this
table is finalized; the SVM row is already consistent with the RBF/gamma=0.001 setting visible in the
Fig. 5 learning curve. All four rows share the same 5-fold Cross-Validation routine run over the same
80:20 split, so the comparison in Section 5 is not skewed by any one model getting extra tuning

attention.

4. EXPERIMENTAL SETUP

All experiments were carried out in Python 3.7 inside the Spyder IDE. Model fitting, TF-IDF
vectorization, the Grid Search routine, and metric computation relied on scikit-learn, while pandas and
NumPy handled data wrangling and matplotlib produced the plots. Fig. 3 is a screenshot of the working
environment.
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Fig. 3. Spyder IDE development environment used for implementation.

5. RESULTS AND DISCUSSION

5.1 Learning Curves

Figs. 4 through 7 track training and cross-validation scores against the amount of training data fed to
each model. Decision Tree and Naive Bayes both settle at high scores almost immediately, with the two
curves sitting close together throughout — a sign that neither model is over-relying on the training set.
SVM's validation curve climbs gradually as more data is added, suggesting it was still benefiting from
additional examples at the point training stopped. KNN is the outlier: its training and validation curves
stay noticeably apart across the whole range, which fits with what is already known about KNN
struggling in sparse, high-dimensional spaces of the kind TF-IDF produces.
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Fig. 4. Learning curves — Naive Bayes. Fig. 5. Learning curves — SVM.
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5.2 Confusion Matrix

Since Decision Tree came out ahead on every metric, Fig. 8 shows its confusion matrix on the held-out
test split rather than repeating the exercise for all four models.

EB cenfusionMatrix - NumPy array - O ®
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Fig. 8. Confusion matrix — Decision Tree (test set).

5.3 Comparative Performance

Table 2 lines up performance metrics for all four classifiers on the identical test split. The ranking runs
Decision Tree, then Naive Bayes, then SVM, with KNN last.

Table 2: Performance Results for All models

Sr No. Model Precision Recall (%) | F-measure Accuracy
(%) (%) (%)
1 Naive Bayes 96 94 96 95
(NB)
2 Support Vector 88 89 87 88
Machine (SVM)
3 K Nearest 82 83 81 82
Neighbor (KNN)
4 Decision Tree 98 96 97 98
(DT)

6. COMPARISON WITH EXISTING LITERATURE

Table 3 sets the Decision Tree result against the GNN accuracy range compiled by Mishra et al. [1] used
same Kaggle dataset used in the present work. Table 3 results showed that the proposed Decision Tree
approach had an accuracy rate of 98 with a very reduced error rate of 2, implying a better result.

Table 3: Result Comparison

Sr No Parameters Previous Work|[1] Proposed Work
1 Method Graph Neural Networks | Decision Tree
2 Accuracy 94.40% 98%
3 Error Rate 5.60% 2%

7. CONCLUSION AND FUTURE SCOPE

Four classical classifiers — Naive Bayes, SVM, KNN, and Decision Tree — were benchmarked on the
Kaggle Fake News Dataset using one shared preprocessing pipeline, one shared 80:20 split, and one
shared Grid-Search/cross-validation tuning routine, so that the resulting comparison would not be
distorted by uneven preparation across models. Decision Tree finished on top at 98% accuracy, with
Naive Bayes at 95%, SVM at 88%, and KNN at 82%, and its results held up reasonably well. Later work
could widen this comparison to cover ensemble methods, transformer-based language models, and
datasets that carry social-context or propagation signals, to see whether Decision Tree's edge in this text-
only setting survives once richer features are brought into play.
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