
faKy: A Feature Extraction Library to Detect
the Truthfulness of a Text

Sandro Barres Hamers1[0009−0002−1016−5610] and
Davide Ceolin2[0000−0002−3357−9130]

1 Vrije Universiteit Amsterdam, Amsterdam, The Netherlands
sbarreshamers@gmail.com

2 Centrum Wiskunde & Informatica, Amsterdam, The Netherlands
davide.ceolin@cwi.nl

Abstract. The transparency and explainability of fake news detection
is a crucial feature to enhance the trustability of the assessments and,
consequently, their effectiveness. Textual features have shown their po-
tential to help identify fake news in a transparent manner. In this paper,
we survey a list of textual features, evaluate their usefulness in predicting
fake news by testing them on a real-world dataset, and collect them in
a Python library called “faKy”.
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1 Introduction

Fake news has always been a phenomenon known to humankind [11]. Never-
theless, the Web and Social Network Systems (SNS) in particular, exacerbated
the societal threats posed by misinformation for two reasons. First, people find
it hard to distinguish information from misinformation [36]; this is becoming
harder with the rise of state-of-the-art Artificial Intelligence (AI). Secondly, fake
news can spread extremely fast on SNS [8]. Therefore fake news can reach a high
volume of consumers quickly.

In this paper, we look at the interpretability of fake news assessments. While
there are numerous Neural Networks (NN) and Large Language Models (LLM)
that can accurately classify fake news with very high accuracy, in some cases up
to 99% [34], these models, most of the time, lack interpretability: their reasoning
is hardly interpretable by humans. Recent work shows that very accurate models
tend to be less interpretable [7]; this phenomenon is called the interpretable
accuracy trade-off.

We study whether linguistic features, obtained using Natural Language Pro-
cessing (NLP), can provide a basis for assessing fake news. Among such features,
we consider Readability, which measures the ease with which the text is read.
Additionally, we investigate the Information Complexity (IC), which quantifies
the amount of information contained in the object, and conduct sentiment anal-
ysis to assess the emotional tone of the text. Subsequently, we analyze Named
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Entity Recognition (NER) to identify instances where the object represents spe-
cific individuals, places, or other proper nouns in the text. Lastly, we employ
Part of Speech (POS) Tags to determine a sentence’s grammatical category or
syntactic function. These features are carefully selected and based on existing
literature, which we elaborate on in the related work section.

The novelty of our contribution is in faKy3, an extensive library that collects
a comprehensive list of NLP features known to have shown a correlation with
fake news assessment. These features (and, consequently, the faKy library) are
here aggregated, tested, and evaluated on real-world datasets. In this manner,
faKy provides a validated toolkit for extracting features from a text that are
potentially correlated to fake news, thus contributing to the explainability of
the assessment process.

The overarching research question that we address is:

RQ: Can the truthfulness of textual information be accurately predicted
using specific linguistic features, and how do these linguistic features
contribute to distinguishing between truthful and untrustworthy tex-
tual content?

We decompose this question through the following subquestions:

SRQ1: Does the readability measure of a text provide a basis to predict its truthful-
ness?

SRQ2: Does the IC measure of a text provide a basis to predict its truthfulness?
SRQ3: Does the sentiment of a text provide a basis to predict its truthfulness?
SRQ4: Do the of Named Entities recognized in a text provide a basis to predict its

truthfulness?
SRQ5: Do the POS tags in a text provide a basis to predict its truthfulness?

The rest of the paper is structured as follows. Section 2 introduces related
work. Section 3 introduces the research methodology and the experimental de-
sign. Results are discussed in Section 4, while Section 5 concludes the paper.

2 Related work

The fake news research body is extensive and much work has been done to
understand and classify fake news. This is not surprising as this phenomenon
threatens our society’s foundations.

A recent study presented a comprehensive review of methods for detecting
fake news on SNS. They include multiple techniques like ML, NLP, and infor-
mation propagation analysis, which looks at how the different agents behave
in the SNS ecosystem. They discuss content-based, network-based, and hybrid
approaches, as well as machine and deep learning models. The paper also high-
lights the challenges and limitations of fake news detection. The authors found

3 faKy repository

https://github.com/BarresHamersS/faKy/tree/main/Library
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that readability features impact fake news detection and recommend considering
them in developing detection systems [5].

Subsequently, a benchmarked study of 19 ML models on three different
datasets, including the Liar dataset, demonstrated the superior performance
of BERT-based models with the best f1-score of 62% for the Liar dataset. Ad-
ditionally, they show an F1 score of 57% for a Naive Bayes and an F1 score of
51% for tree-based models for the Liar dataset. The researchers evaluated the
models on accuracy, recall, precision, and F1-score. However, the researchers did
not use k-fold-cross validation, which could have improved their evaluation [28].

Another popular method to extract information from a text object is NER
and POS tagging, which looks at an object’s structure, style, and content. A
recent study proposes a linguistic method to detect fake news that can be applied
to any language. They compare news articles using POS Tags and NER and
train four ML models. They evaluate the model’s performance with the F1-
score and show that a Gradient Boosting model has the highest score, with an
average of 70.83%. The paper presents a novel approach that delivers high-level
performance using POSTag+NER features [39].

Lastly, using morphological tags and n-grams in decision tree-based ML algo-
rithms demonstrates superior accuracy, precision, and F1 score performance in
the scope of fake news [26]. The authors extract n-grams from the tags and use
them for training decision trees in machine-learning algorithms where an n-gram
is the probability distribution for the following word, given the corpus size. They
use several n-grams (1-gram, 2-gram) for words and POS tags. Where a 2-gram
considers two words, and a 3-gram three words, their approach outperforms
other models in accuracy, precision, and F1 score. They argue that future work
should explore more sophisticated models and linguistic features. However, these
linguistic features have also shown promising results in predicting a broad set of
information quality aspects (beyond the mere veracity prediction considered in
fake news detection) by supporting argument computation [13].

3 Research Methodology and Experimental Design

As is common in many NLP problems, the classification of fake news can be
formulated mathematically as an optimization task, represented by equation 1.
This equation captures the essence of the language processing algorithm’s two
main modules. The search module’s objective is to discover the optimal output
y∗ that maximizes the scoring function Ψ given an input x and the possible
outputs y from the set Y (x). The learning module is responsible for iteratively
adjusting the parameters θ to minimize a loss function, L(y, y∗) which quantifies
the disparity between the true outcomes y and the generated ones y∗ during the
learning process [17].

y∗ = arg max
y∈0,1

Ψ(x, y; θ) (1)

We will employ an incremental experimental design, allowing for a step-by-
step breakdown of the various variables. The experimental design is based on
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the methodology presented in [2] and has been slightly modified to align with
the requirements of this specific experiment. The experiment comprises four
main parts, visually depicted in Figure 3: data collection, experimental pipeline,
classification, and validation. The subsequent subsections will provide a detailed
examination of these components.

NLP Classification Algorithms

3. Classification

RF

Liar Dataset faKy pipeline
ICReadability

Feature Corpus

VSS POS

2.  Experimental pipeline1. Data collection

4. Validation

NER

Precision Recall

F1-Score

k-fold , k=5

Classification Algorithms

Dummy Classifier

NB GB

Fig. 1. Experimental Design

3.1 Data collection

We use the Liar dataset, obtained from Hugging Face4. The Liar dataset is a
publicly available resource for fake news detection and consists of 12.8 thousand
manually labeled statements collected from various contexts. These statements
were originally sourced from PolitiFact, a non-profit organization known for fact-
checking the accuracy of claims. PolitiFact provides detailed analysis reports
and links to source documents for each case. Furthermore, each statement in
the dataset has been evaluated by PolitiFact editors for its truthfulness. By
utilizing the Liar dataset from Hugging Face, we aim to reduce label bias in our
research [21]. We categorized the statements into three categories: True, False,
and In Between (IB) claims. We classify True claims as the ’negative class’
(0), False claims as the ’positive class’ (1), and IB claims as (2). It should be
noted that we assigned these labels on a qualitative rationale. The Liar train
dataset consists of 10239 rows; Table 1 provides an overview of the distribution
of claims in the dataset. The Table includes four columns: ”Label,” ”Claim,”
”Number of statements,” and ”Percentage of total.”

3.2 Experiment pipeline

This subsection discusses the NLP pipeline, which involves converting text ob-
jects from the Liar dataset into a machine-readable format using the spaCy

4 https://huggingface.co/datasets/liar

https://huggingface.co/datasets/liar
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Table 1. Number of claims

Label Claim Number of statements percentage of total

0 True 1676 16%
1 False 2833 28%
2 IB 5730 56%

library5. By applying the spaCy nlp function, the text objects are transformed
into doc objects, which undergo tokenization and processing through the spaCy
pipeline. Features are computed and integrated into the pipeline, creating the
feature extraction library faKy. FaKy utilizes spaCy extensively and is therefore
named after it. The spaCy library offers comprehensive NLP and linguistic ca-
pabilities, ensuring efficient and accurate execution. The subsequent paragraphs
illustrate the computation of different features.

Readability The readability of a text tells us how easy it is to read and un-
derstand a particular text. A text with low readability indicates that the text
consists of complex and unique words; this can be, for example, an academic
paper. We compute the readability via the Flesch-Kincaid Reading Ease (FKE)
score; we chose FKE for three reasons. First, the FKE score can be computed
with the spaCy readability object6, enabling the spaCy pipeline’s use. Secondly,
the FKE score is developed for English text, the target language for this study.
At last, FKE is ubiquitous and the standard test of readability for documents
and forms for the US military [29], insurance policies [40], and word-processing
programs [1].

FKE = 206.835− 1.015
TW

TS
− 84.6

TSL

TW
(2)

The FKE score is computed based on the equation represented in equation
2. The FKE is established on the total number of words (TW), the total number
of sentences (TS), and the total number of syllables (TSL). The FKE estimates
a text’s readability by estimating the ratio of words to sentences and syllables to
words. A higher FKE score thus means that a text consists of shorter sentences
and fewer syllables per word and is thus easier to read, enhancing readability.

Complexity In fake news research, linguistic features have been the primary
focus for distinguishing fake and True objects. However, we propose a novel
approach by incorporating the concept of IC derived from algorithmic informa-
tion theory. We posit that the IC encapsulates crucial information and can be
computed relatively easily, making it an interesting feature for investigation.

We use the Kolmogorov complexity to compute the IC of an object; the IC
tells us how much information an object conveys. We define the Kolmogorov

5 https://spacy.io/
6 https://spacy.io/universe/project/spacy_readability

https://spacy.io/
https://spacy.io/universe/project/spacy_readability
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complexity C(x) of a string x as the length of the shortest program p that
processes x running on a universal Turing Machine U . The formula conveys the
following idea: A string with low information complexity is highly compressible
as the information it contains can be encoded in a program much shorter than
the length of the string itself [47].

C(x) = minp{length(p) : U(p) = x} (3)

We mathematically represent the Kolmogorov complexity in equation 3.
Nonetheless, C(x) is proven to be uncomputable because finding the shortest
program is equivalent to solving the halting problem, which is undecidable [43].
This means that no general algorithm or formal system can accurately deter-
mine the halting behavior of all programs and inputs, making the computation
of C(x) impossible [24]. We can thus only approximate C(x) due to its uncom-
putable nature. We do this by using a compressing algorithm since the C(x) may
be roughly described as the compressed size [38]. The IC is thus computed by
applying a compressing algorithm to the object and returning the compressed
size of that object.

Sentiment We conduct the sentiment analysis using the Vader Sentiment Scores
(VSS). VSS measures the polarity (positive, negative, neutral) and the intensity
of the emotion for a given text. A very negative sentiment will thus have a
different score than a moderately negative object. VSS relies on a lexicon of
words and phrases with known sentiment values, as well as rules to capture
sentiment in context. VSS has demonstrated superior performance in detecting
sentiment intensity compared to other sentiment analysis models [22], and it has
also proven effective in fake news detection systems [6]. Computation of VSS
was implemented using the NLTK library 7.

Sequence labeling We adopt two sequence labeling tasks, NER and POS
tagging. As discussed earlier, NER and POS tagging have proven valuable in
detecting fake news. Furthermore, NER tags provide semantic representations,
such as identifying events and relationships [25]. On the other hand, POS tagging
is the first step toward syntactic analysis (which, in turn, is often helpful for
semantic analysis).

We compute both the total number of NER tags as well as the count per
NER category. We represent this by means of a numerical vector.

NERvector =
[
0, 0, 0, 0, 1, 0, 0, 0, 0, 0, 0, 0, 0, 3, 0, 0, 0, 0

]
(4)

The initialized vector represents the frequency of each unique NER tag, where
the first position corresponds to the ’CARDINAL’ tag, the second corresponds
to the ’DATE’ tag, and so on.

7 https://www.nltk.org/howto/sentiment.html

https://www.nltk.org/howto/sentiment.html
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Syntactic labeling Unlike NER tagging, POS tagging is a dependent feature
that relies heavily on the context and placement of words within a sentence. To
illustrate this point, let us examine the same object used in NER tagging but ap-
ply dependency parsing, which results in specific POS tags. Within dependency
parsing, we describe the syntactic structure of a sentence in terms of directed
binary grammatical relations between the words [25].

We compute the POS tags similar to the NER tags, except we are only
interested in the sum of individual POS tags per object since computing the
total count of the pos tags will count approximately every tokenized word, giving
us no relevant information in the structure or style of the object.

3.3 Classification

The classification is a 3-way multi-class text classification problem classifying,
True, False, and ’IB’ claims. We employ three machine learning models: Naive
Bayes (NB), Random Forest (RF), and Gradient Booster (GB). We choose these
models since an NB performs highly due to the computation of conditional prob-
abilities [4], an RF has shown superior performance in classifying fake news [2],
and at last, a GB since it is advantageous in cases of unbalanced datasets and
outperforms an RF with its robustness [31]. We use the Python-based ML algo-
rithms from sci-kit-learn 8.

Since the dataset is unbalanced, we use an oversampler to avoid poor perfor-
mance of the minority class, after oversampling the minority class, the train and
test data are equally distributed; the distributions of these claims are presented
in Table 2.

Table 2. Train instance counts before and after oversampling

Label Class Counts (initial) Counts (after oversampling)

0 True 1676 4565
1 False 2833 4565
2 IB 5730 4565

Since the RF and GB are tree-based models, there is no need to scale the
features; also, the NB does not need scaled features since it is a probabilistic
model and thus only looks at the frequency of the features.

3.4 Evaluation

We validate if the features θ significantly differ between the three independent
groups corresponding to the labels (True; 0, False; 1, IB; 2). We first plot
the distributions of the features and test if they are parametric through the
Kolmogorov-Smirnoff Test (KST). We conduct the KST for the continuous fea-
tures: Readability, IC, and VSS; discrete features, represented by POS and NER

8 https://scikit-learn.org/stable/

https://scikit-learn.org/stable/
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tags, are inappropriate for the KST since the discrete features are not used to
measure some properties but solely as a count of tags [32]. The results are shown
in this repository9.

Next, we perform the Kruskal-Wallis Test (KWT) to validate the features.
The KWT is chosen due to its suitability for analyzing data involving more than
two independent groups, unbalanced datasets, and non-parametric distributions
[46]. To determine significant differences between pairs of independent groups, we
employ a post-hoc method. The Dunn test is selected as the most suitable post-
hoc method for conducting pairwise comparisons [16]. We set the significance
threshold at p < 0.05 since it is the industry standard [30]

Finally, a preliminary examination is undertaken, encompassing the compu-
tation of the mean, and standard deviations across the three labels for both
continuous and discrete features, we compute the highest value for the continu-
ous features. This analysis facilitates a fundamental comprehension of the data
distributions, giving us a basic main difference between the different claims. We
validate the performance of Ψ in combination with θ, and we conducted three
validation methods. First, we assessed the performance of Ψ without any fea-
ture selection, thus incorporating all the computed features. Next, we evaluated
the performance when selecting two-way significant interaction features. These
features demonstrate significance between at least two of the three groups, for ex-
ample, (True; False or IB; False, and so on). Finally, we computed the evaluation
of three-way significant features, which are significant across all three groups,
denoted as (True; False, True; IB, False; IB). We evaluated the performance of
Ψ using the F1 score and k-fold cross-validation. The F1 score is selected due to
its industry standard as the harmonic mean of precision and recall [20]. K-fold
cross-validation divides the dataset into five subsets (k=5), which is considered
a good compromise [19]. With k-fold cross-validation, we mitigate overfitting by
applying Ψ to the k subsets. We compute the Coefficient Variance (CV), depicted
in equation 5; the CV considers the spread of the distribution for the variation.
High variance, indicated by CV > 1.0 [27], suggests inconsistent performance
across subsets and is, thus, sensitive to overfitting.

CV =
Standard deviation

Mean
(5)

At last, we compute a baseline evaluation to put the model’s performance into
perspective; we employ the ’uniform’ dummy classifier since it generates uniform
random predictions based on the three classes. We compare the F1 score perfor-
mance of the ψ to the Dummy Classifier (DC) using Relative Improvement (RI).
The RI returns a positive result if the ψ F1-score is high in comparison to the DC
F1-score, and a negative result if it is low, the RI is depicted in equation 6 [14].

RI =
F1ψ − F1DC

F1DC
(6)

9 Feature distributions repository

https://rb.gy/i0v6e
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4 Results and Discussion

We present the findings of the conducted research in two distinct parts, aligning
with the overarching objective of the experiment: validate if the features θ can
maximize the output y∗ through the natural language algorithm Ψ . The evalu-
ation results for the features and ML algorithms are presented in the following
repository 10. Throughout this section, we will address the sub-research question
of Section 1.

4.1 Distinguishing True and False Claims: Insights from IC,
Readability, VSS, NER, and POS tags.

The statistical results of the significant continuous features: Readability and IC
are presented in Table 3 where we show the features corresponding mean, max,
mode, and standard deviation associated with the three labels.

The IC is a significant feature between True, False, and IB claims since the
p-value is lower than 0.05 between the three labels. Therefore, the truthfulness
of textual information can be distinguished based on the IC. True claims convey
more information compared to False claims as depicted in Table 3. Moreover,
False claims demonstrate a greater distribution, suggesting that the information
they convey is more scattered than True claims. This becomes more evident
since the maximum value for the IC is higher for False claims while the mean is
lower, indicating the scattered nature of the IC for False claims.

Similar to the IC, the Readability of an object is also a significant feature
since the p-values are lower than 0.05; we thus conclude that Readability plays
a crucial role in determining the truthfulness of a text. Our analysis further
reveals that False claims tend to have increased difficulty regarding Readabil-
ity, reflecting more complex word choices and sentence structures, see Table 3.
This observation aligns with the existing literature [41]. However, comprehend-
ing the underlying factors contributing to this distinction needs interdisciplinary
research. Additionally, we find a similar pattern observed for the IC, where False
claims exhibit a greater degree of distribution, indicating a dispersed nature in
their Readability compared to True claims. This discovery corresponds with the
findings of [12], who demonstrated that deceptive content encompasses a wide
range of readability levels.

The VSS are not significant between True and False claims since the p-value
is greater than 0.05; thus, the VSS of a text is not suitable for determining
the truthfulness of a text. While we show that the VSS of text conveys no
relevant information to determine the truthfulness of a text, it is essential to note
that the VSS is tailored explicitly for analyzing SNS text objects. In contrast,
this study’s investigation subject is focused on political claims. Consequently,
the utilization of VSS in this context lacks its specific purpose. This limitation
deserves attention, and future research should consider exploring the significance

10 Fake News Classification repository

https://shorturl.at/fRX16
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Table 3. Significant continuous features.

Feature Label Average Maximum Mode Standard Deviation

IC True 8555 149837 5592 4779
IC False 8130 197589 5964 4929
IC IB 8775 294076 5951 5112
Readability True 60 127 74 21
Readability False 56 124 60 22
Readability IB 59 151 56 22

Table 4. ML models performance.

Model Feature Selection F1 Score Test (%) RI (%)

Naive Bayes Unselected 34.11 (+/- 6.44) 7.00
Naive Bayes two-way significant 33.06 (+/- 11.07) 3.71
Naive Bayes three-way significant 27.35 (+/- 2.48) -14.19
Random Forrest Unselected 27.59 (+/- 7.77) -13.44
Random Forrest two-way significant 29.40 (+/- 6.09) -7.76
Random Forrest three-way significant 31.72 (+/- 6.49) -0.47
Gradient Booster Unselected 30.48 (+/- 9.72) -4.37
Gradient Booster two-way significant 30.94 (+/- 12.86) -2.93
Gradient Booster three-way significant 28.92 (+/- 6.98) -9.27
Dummy Classifier Uniform Nonapplicable 31.88 (+/- 2.33) 0.00

of VSS on SNS objects or employing alternative sentiment analysis approaches
to assess the truthfulness of the claims.

In the appendix we present an overview of the statistical results for the dis-
crete features, we show a significant difference between False and True claims
regarding NER tags. On average, True claims exhibit more NER tags than False
claims, which aligns with the existing literature [37]. An explanation for this
would be that False claims reference fewer existing entities due to their fictitious
nature. However, we acknowledge that such a conclusion is overly simplistic, ne-
cessitating further investigation into the underlying factors driving this behavior.
The only NER tags that are more present in False than True claims are ’PER-
SON’ and ’ORG’; this may be related to the fact that fake news specifically
targets political figures; think of the pizza gate incident or conspiracy groups
like Qanon [42]. Moreover, the emphasis on Organizations is reasonable, given
that fake news commonly targets large pharmaceutical entities like Pfizer, as
well as other major corporations and government institutions [10, 15, 23]. This
phenomenon warrants comprehensive investigation to better comprehend its un-
derlying causes. Lastly, we conclude that the specific style and syntax indicated
by POS tags can distinguish the truthfulness of textual content. We do, however,
not see that the specific POS tag groups: prepositions, adjectives, and nouns,
appear more in False than in True claims; this contradicts the existing litera-
ture [26]. This may be due to the use of a different dataset or methodology than
that adopted in the literature. Furthermore, our study demonstrates that True
claims exhibit a greater prominence of POS tags, indicating greater linguistic
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diversity. Notably, False claims display a higher occurrence of ’Verb’ and ’Part’
POS tags (e.g., ‘to go’) when compared to True claims.

In summary, this study reveals notable differences between True and False
claims. Consequently, False claims exhibit substantial distinctions in their lin-
guistic structures. Additionally, empirical evidence demonstrates that False claims,
on average, embody a higher level of distribution compared to True claims. This
variation may be attributed to the fictitious characteristics inherent in False
claims, in contrast to True claims that adhere to prescribed formats dictated by
established standards.

4.2 Classifying fake claims: Insights from NB, RF, and GB.

The outcomes of the three classification ML models with the corresponding
feature selections are illustrated in Table 4. We show the mean F1-scores for the
test data, acquired through k-fold cross-validation with k=5. Additionally, the
Table includes the CV, as well as the model’s RI in terms of the DC.

NB combined with no feature selection exhibited the highest performance,
achieving an F1 score of 34.11%, with a CV of 6.44%. The high CV suggests
potential overfitting, a finding further supported by the overperformance of the
NB model on the training data. Compared to the DC, the NB model showed
an RI of 7.00%. When applying an NB with the three-way significant features
the model performance drops drastically, this could be because of the decreased
number of features, Subsequently, we also notice that applying an NB with two-
way significant features decreases the model’s performance.

Subsequently, the RF model demonstrated the best F1 score when using
three-way significant features, with a score of 31.72% for the test data, accom-
panied by a CV of 6.49%, indicating high variance. Notably, the training data
significantly outperformed the test data in this instance, with a difference of ap-
proximately 45%, indicating extreme overfitting by the RF model. Next to the
overfitting, the RF using three-way significant features showed a negative RI of
-0.47% compared to the DI. We notice that the RF’s performance declines when
using two-way feature selection and reaches the lowest score when using no fea-
ture selection This can be attributed to the increased complexity introduced by
the additional splits or the inclusion of potentially noisy or redundant features.
Future research should analyze the importance of the individual features within
the RF model and the way they interact with each other [9].

Lastly, the GB model achieved the poorest performance with the best F1
score of 30.94%, and a CV of 12.86%, when applying two-way significant features.
Subsequently, the GB underperformed when compared to the DC, with an RI
score of -2.93%. Based on our findings we thus conclude that the GB performs
the best with two-way significant features however, this is a preliminary finding.
Future research should focus on feature selection optimization [3, 45].

Previous studies achieved F1 scores of 50-60% for similar algorithms, for
binary classification tasks [28], where random performance is typically around
50% and tends to yield higher F1 scores [33]. In contrast, our study addressed a
more challenging three-class classification task: True, False, and In Between. This
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distinction is vital for interpreting our results. While our models outperformed
the baseline established by [44], it’s important to note that our task was less
demanding than the 6-way multiclass text classification problem in the same
paper. Despite the inherent complexity of our task, our models achieved an
accuracy of approximately 30%, showcasing promising results. Future research
should explore the performance of different ML algorithms using our introduced
features across diverse classification problems and different datasets.

All three models exhibited better performance on the majority class (TN)
than on the minority class (TP). Moreover, they demonstrated better perfor-
mance on the training data, indicating overfitting, and displayed high variances.
Future research should prioritize improving the models by addressing overfitting
through increased data volume and enhanced model robustness.

The model’s performances align with the overall behavior of the models since
NB classifiers can quickly learn to use high-dimensional features with limited
training data compared to more sophisticated methods like the RF [18], therefore
the NB will perform better with a higher number of features compared to the RF
which achieves high results with the most relevant features. We thus conclude
that the model’s performance is dependent on the applied feature selection.

To conclude, our study presented the performance of three ML algorithms
with F1 scores ranging from 27.35% to 34.11%. We showed relative improve-
ment for the NB when applying no feature selection and when applying two-way
significant features. However, it is essential to note that the observed relative
improvement of the NB may not be statistically significant. The statistical dif-
ference between the two may not be large enough to discriminate the items
effectively, as the two distributions may overlap.

4.3 Limitations & Future Research

The POS and NER tags are the first step in understanding text objects’ lexical
and syntactic information. However, more sophisticated methods can be em-
ployed to extract and leverage this information effectively. For instance, TF-IDF
(Term Frequency-Inverse Document Frequency) is a numerical representation
used in NLP that measures the importance of a term in a document by consid-
ering its frequency in the document and its rarity across the entire document
collection. Furthermore, exploring advanced NLP techniques such as dependency
parsers can enable the analysis of object styles and facilitate more advanced tasks
like semantic parsing. Subsequently, the style of the objects could be further an-
alyzed using dependency parsing, which, as a result, can be generalized to even
more advanced NLP tasks such as semantic parsing, taking the text’s actual
meaning into account. Lastly, we propose using n-grams to analyze and model
language patterns. Another area for future research is the optimization of the
faKy library’s runtime. While the current implementation utilizes the efficient
spaCy pipeline, further improvements can be made to enhance its runtime ca-
pabilities. Investigating optimal data structures and pipeline components can
significantly optimize the runtime performance, making the library even more
efficient. Finally, it is crucial to recognize the ethical considerations surrounding
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this research, despite its aim to combat the spread of false information. The
study introduces the concept of dual-use, where the same technology can be
used for beneficial and potentially harmful purposes [35]. While FaKy has the
potential to detect fake news, it could also be utilized by oppressive regimes to
categorize dissenting texts, resulting in Orwellian practices. Therefore, the high
risk of dual-use needs further examination and consideration.

5 Conclusion

Drawing upon the findings obtained from the addressed sub-research questions,
we can respond to the main research question, RQ1: Can the truthfulness of tex-
tual information be accurately predicted using specific linguistic features? Our
study concludes that linguistic features can accurately predict the truthfulness
of a text. We show that fake objects have a greater distribution across all the
features, are more complex in terms of readability, convey more information,
hold more Named Entities, and significantly differ between style and syntax re-
garding Part-of-Speech tags. Consequently, we reject the null hypothesis and
accept the alternative hypothesis. Additionally, we introduce faKy, a compre-
hensive feature extraction library that computes relevant linguistic features for
fake news detection. Our study highlights the significance of these features and
shows that by combining them with machine learning classification algorithms
the truthfulness of text objects can be predicted. While faKy is still in its early
stages of development, our findings indicate its potential in combating fake news
and advancing explainable AI.
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