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Abstract

Fake news has become a growing concern in the AI-driven digital information

environment. However, there is still a lack of a systematic, quantifiable, and inter-

pretable linguistic feature framework for comprehensively characterizing fake

news. Drawing on theories from communication, linguistics, and psychology, this

study develops a quantifiable linguistic feature framework comprising four ana-

lytical dimensions, 24 linguistic features, and 103 fine-grained indicators. The

SHAP framework is further combined with multiple machine learning models to

evaluate and rank the importance of these linguistic features. Cross-model com-

parisons identify eight core linguistic features, which can be organized into three

broader mechanisms: Attention and Information Intake, Semantic Coherence and

Narrative Credibility, and Factivity, Stance, and Group Identity. These features

reflect potential mechanisms through which fake news influences information

processing and cognitive judgment, suggesting that fake news is not merely a

linguistic deviation but a strategically constructed form of discourse that shapes

audience perception and interpretation. By developing a systematic, quantifi-

able, and interpretable framework and identifying the core linguistic features of

fake news, this study provides a new analytical perspective for understanding

the linguistic mechanisms underlying fake news and offers practical implications

for fake news detection, misinformation governance, and media literacy.

Keywords: Fake news, Linguistic feature framework, Explainable artificial
intelligence, Machine learning, SHAP, Misinformation
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1 Introduction

Fake news is a complex informational phenomenon, which is usually characterized by
the deliberate fabrication or distortion of facts. It is typically constructed through spe-
cific information frameworks and interpretive pathways and leads audiences to accept
manipulated information as credible. The extensive dissemination of fake news can
exert profound negative impacts on both individuals and society. Technological inno-
vations such as artificial intelligence and big data can rapidly generate large amounts
of fake content and make the features of fake news more difficult to identify. Therefore,
identifying the linguistic features of fake news is of critical importance.

Researchers have noted that several linguistic features could be important for
detecting fake news, such as linguistic complexity, emotional intensity and subjectiv-
ity, semantic coherence, narrative structure, and content verifiability [1–6]. Although
prior studies have explored various linguistic features of fake news, there is still a
lack of a comprehensive and unified framework capable of capturing the multidimen-
sional characteristics of fake news. Machine learning provides effective tools for feature
selection and redundancy reduction.

However, even with interpretable linguistic features, models often struggle to cap-
ture the nuanced features of fake news [7, 8]. In particular, previous research has
argued that relying on a limited number of features is insufficient for effective fake
news detection [9].

Different models may extract and emphasize different features of fake news. As a
result, feature attributions across models are often inconsistent, limiting their inter-
pretability and comparability. Thus, interpretive biases may exist in the fake news
features selected by models, reflecting model-specific preferences rather than the
inherent importance of the features themselves [10, 11].

With an emphasis on feature extraction from fake news, standardizing feature
attribution is essential to enable meaningful comparisons across different models [12].
To address the lack of systematic feature representation, this study constructs a mul-
tidimensional linguistic feature framework to systematically capture textual linguistic
features. We also provide a set of quantifiable indicators for standardized description
and comparative analysis.

For feature extraction, this study adopts the LIWC dictionary method and
statistical methods for quantitative textual representation, thereby establishing a stan-
dardized and comparable feature foundation. Furthermore, different machine learning
models often focus on different aspects of linguistic features. This leads to inconsistent
feature attributions and limits cross-model comparability. To address this issue, we
adopt SHAP as a unified interpretability framework, which provides consistent and
comparable feature attribution across different models.

This study focuses on developing a quantifiable, multidimensional linguistic frame-
work for systematically characterizing fake news and identifying its core linguistic
features under a unified feature-attribution framework.

Our primary contributions are threefold. First, we construct a quantifiable lin-
guistic feature framework for describing fake news. This framework comprises four
analytical dimensions, 24 feature indicators, and 103 fine-grained metrics, which pro-
mote the systematic and standardized characterization of linguistic features embedded
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in fake news. Second, we employ a SHAP-based feature importance ranking method
to quantify the contribution of each linguistic feature across all models considered,
generating an interpretable feature importance ranking. Finally, through cross-model
comparative analysis, we identify the core linguistic features embedded in fake news,
which has the potential to improve our empirical understanding of fake news. The
immediate implication is that linguistic feature extraction aids in addressing practical
misinformation governance problems, such as fake news identification, content screen-
ing, and public opinion regulation, justifying its core role in the technical architecture
of online public opinion governance.

2 Literature Review

Based on large-scale social media data, prior research has found that fake news spreads
faster, farther, deeper, and more broadly than true news [13]. This diffusion advantage
could stem from the capacity of fake news to engage audiences’ cognitive and emotional
processes, thereby making it more effective in capturing audience attention [14, 15].

Relevant theories offer important insights into understanding this phenomenon.
From the perspective of information communication, such content competition is essen-
tially driven by limited audience attention. Attention Economy Theory posits that,
in a communication environment characterized by scarce attention, information pro-
duction is increasingly centered on competing for audience attention [16, 17]. Against
this backdrop, the linguistic features of fake news are often strategically optimized to
attract and retain audience attention.

Selective Exposure Theory further suggests that information consistent with
individuals’ existing attitudes is more readily accepted [18]. Additionally, heuristic
processing mechanisms reduce the likelihood that audiences will systematically verify
information [19]. Consequently, fake news often exhibits distinctive linguistic patterns
in narrative framing, emotional expression, language tone, and information structure,
providing theoretical support for the development of an integrated framework of lin-
guistic features. These cognitive and psychological mechanisms are often embedded in
the linguistic expressions of fake news, shaping its overall structure and presentation.

Recently, linguistic analysis has emerged as a key direction in fake news research.
Prior studies have demonstrated that linguistic features serve as important criteria for
differentiating real news from fake news [19–21]. However, fake news rarely manifests
as obvious linguistic errors. Instead, it strategically mimics the discourse conventions
of real news [22]. Consequently, differences between fake and real news are more evi-
dent in overall expression patterns and combinations of linguistic features than in
isolated anomalies. This suggests that systematically cataloging and quantitatively
analyzing linguistic features is essential for understanding the linguistic patterns of
fake news. Moreover, a broad range of potentially relevant linguistic features remains
largely underexplored, while only a limited subset has been widely investigated in
prior research.

Machine learning has considerable potential for improving fake news detection,
which is fundamentally a task of distinguishing real news from false news [23, 24]. How-
ever, detection results alone provide only classification outcomes and do not reveal the
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underlying linguistic characteristics of fake news or provide sufficient interpretability
[25]. Machine learning methods on their own are therefore limited in identifying deeper
associations between textual content and the latent linguistic features of fake news.

More importantly, the interpretability of machine learning models facilitates an
understanding of how linguistic features contribute to fake news detection [10, 11].
Different feature importance methods vary substantially in their theoretical assump-
tions and forms of result representation, which can lead to inconsistent feature
attribution outcomes [12]. This limitation weakens the cross-model comparability and
interpretability of linguistic features associated with fake news [26].

Currently, model-agnostic explanation methods such as LIME and SHAP have
been widely adopted. LIME primarily explains individual predictions through local
linear approximations. In contrast, SHAP places feature contributions within a unified
additive interpretability framework, providing a consistent metric basis for cross-model
comparisons. SHAP explains feature attribution rather than internal model mecha-
nisms [27, 28]. Existing research indicates that it demonstrates strong consistency in
interpretability [29]. In text analysis tasks, SHAP is widely used to generate com-
parable interpretability units for linguistic features, enabling consistent evaluation of
feature contributions across different models [30]. Therefore, as a unified interpretabil-
ity framework, SHAP is well suited to cross-model comparison and the identification
of core linguistic features of fake news. This study adopts SHAP in combination with
multiple machine learning models to examine linguistic feature attribution in fake
news detection, with particular emphasis on cross-model comparative analysis and the
identification of robust core features.

3 Data

3.1 Data Sources

This study uses the Fake and Real News Dataset, which is publicly available on Kaggle.
The dataset consists of two parts: fake news and real news, containing approximately
23.5k and 21.4k news samples, respectively. Each news record contains four core fields:
title, text, subject, and date. This dataset is considered one of the most widely used
public datasets in current fake news research and is frequently employed as a baseline
dataset [31].

3.2 Feature Construction

We construct a comprehensive set of linguistic features for fake news based on prior
literature on fake news features. The literature draws on journalism, communication
studies, linguistics, narratology, and psychology. Specifically, we develop a theoretical
framework consisting of four analytical dimensions, 24 secondary linguistic features,
and 103 quantifiable tertiary indicators. Table 1 presents the theoretical origins and
relevance of the 24 secondary features listed in the first column. We ultimately aim to
transform theoretical concepts, which are primarily qualitative, into quantifiable and
verifiable linguistic indicators.

4



Table 1 Fake News Linguistic Features

Feature Theoretical Origin Theoretical Implication Source

Framing Framing Theory Determines “how to understand” [3]
Semantic Coherence Discourse Semantics Coherence implies plausibility [4]
Discourse Coherence Local vs. Global Coherence Local coherence outweighs global judg-

ment
[4]

Temporal Inconsistency Situation Model Theory Disrupts situational coherence without
easy detection

[32]

Metaphor/Narrative
Framing

Conceptual Metaphor
Theory

Meaning is naturalized through narra-
tive

[3]

Rhetorical Question Rhetorical Pragmatics Persuasion rather than inquiry [33]
Text Structure / Layout News Discourse Conven-

tions
Form itself signals credibility [34]

Entity & Quotation Pat-
tern

Epistemic Authority Authority functions as a linguistic cue [35]

Emotional Polarity Affective Valence Reinforces stance [5]
Subjectivity Stance & Evaluation Reduces perceived objectivity [36]
Internal Emotional Spread Emotional Variability Produces emotional impact [6]
Emotion Diversity Affective Complexity Enhances engagement [5]
Emotional Dynamics Narrative Emotion Sustains attention [5]
Modality / Epistemic
Stance

Epistemic Modality Shaping Cognitive Certainty [37]

Lexical Complexity Cognitive Ease Easily processed information appears
more credible

[38]

Readability Processing Fluency Ease of reading implies credibility [39]
Exaggeration Appraisal Theory Amplifies emotional response [3]
Ambiguity Strategic Ambiguity Avoids verification [37]
Clickbait Attention Economy Manipulation occurs at the informa-

tion entry stage
[32]

Pronoun Usage Social Identity Theory Factual judgment shifts to identity
judgment

[37]

Pragmatic / Directive
Cues

Speech Act Theory Language guides action [37]

Veracity Cues Truth Effect Truth cues terminate further reasoning [19]
Factivity Verifiability Epistemic Certainty Certainty cues trigger default accep-

tance
[19]

Semantic Embedding
Divergence

Frame Consistency Rationality substitutes for factual
accuracy

[4]

We adopt a top-down strategy to construct the linguistic features of fake news.
Figure 1 presents a tree-structured framework for constructing fake news features.
We first develop the feature framework from four upper-level perspectives: emotional
psychology, narrative structure, linguistic style, and information complexity. These
four perspectives have been extensively applied in fake news feature research [1, 13,
24, 40]. According to the theories summarized in Table 1, we further construct several
fake news features under each perspective, resulting in a total of 24 features in the
middle layer. These features are then further subdivided into 103 individual indicators
at the bottom layer.
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Fig. 1 Three-level quantifiable linguistic feature framework for fake news.

3.3 Feature Extraction

This section describes how we extract 103 fine-grained linguistic indicators from
individual news articles and further integrate these indicators into 24 category-level
linguistic features. Specifically, the extraction process relies on three main methods:
statistical methods, lexicon-based methods, and natural language processing (NLP)
techniques.

After extraction, the 103 fine-grained linguistic indicators are standardized using
the Z-score method to remove scale differences. Indicators within the same category
are then averaged to produce the final representations of these 24 features.

3.3.1 Statistical Method

We adopt statistical methods to compute word frequency, proportional ratios, and
text distribution features. These approaches effectively capture basic linguistic pat-
terns at the lexical, sentence, and paragraph levels, covering multiple quantitative
indicators such as word and sentence length, lexical diversity, pronoun usage ratios,
and readability metrics.

3.3.2 Lexicon-based Method

For the lexicon-based method, we adopt publicly available linguistic resources (e.g.,
VADER and TextBlob) as well as custom lexicons constructed for this research [41, 42].
The lexicons mainly cover linguistic features such as uncertainty expressions, modal-
ity and epistemic stance expressions, factive verbs, directive expressions, metaphorical
expressions, narrative verbs, polarizing emotional expressions, pronouns, and tense-
related expressions. Furthermore, we employ lexicon-based methods to identify specific
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linguistic features in text through lexicon matching, and then compute the word
frequency and proportion of each feature.

3.3.3 TF-IDF and sentence embedding Technique

We employ NLP-based techniques to extract linguistic features of fake news by mea-
suring semantic similarities and differences between texts through vector-space and
distributed semantic representations. Specifically, news texts are transformed into
numerical vector representations using TF-IDF and Sentence-BERT-based semantic
embedding methods [43, 44].

3.3.4 Aggregating Linguistic Features

After extracting the 103 fine-grained linguistic indicators, we standardize all indicators
using the Z-score method to eliminate dimensional differences and ensure comparabil-
ity across measures. We then aggregate indicators within the same feature category
by averaging their standardized values. Through this process, 103 individual indica-
tors were aggregated into 24 category-level linguistic features, which serve as the final
feature representation for fake news analysis.

4 Methodology

To evaluate the fake news linguistic feature set proposed in Section 3, we employ five
representative machine learning models and Principal Component Analysis (PCA).
PCA is included as a conventional linear benchmark for comparison with the machine
learning models.

All five machine learning models are trained on real and fake news samples. Feature
interpretation results often vary across different machine learning models, which may
lead to potential explanatory bias. To address this issue, we adopt the SHAP frame-
work, which supports reliable cross-model comparison, as a unified interpretability tool
to eliminate explanatory discrepancies across different machine learning models [27].

4.1 Models and Method

PCA Method. Principal Component Analysis (PCA) is a classical unsuper-
vised linear dimensionality reduction method based on the covariance structure
among features. Unlike supervised machine learning approaches, PCA relies on the
variance–covariance structure of the feature matrix, without using class labels or pre-
diction targets. As a mathematical dimensionality reduction method, PCA identifies
the directions of maximum variance in the data through linear combinations of features
[45].

In this study, PCA is applied to the standardized linguistic feature matrix of fake
news samples. The number of principal components is automatically determined using
a cumulative explained variance threshold of 95%. Feature contributions are estimated
based on weighted squared loadings across the retained principal components, where
each component is weighted by its explained variance ratio. Since PCA emphasizes
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the internal variance structure rather than classification objectives or model inter-
pretability, it is mainly used as an unsupervised comparative baseline for feature
analysis.

Logistic Regression Model. Logistic Regression is a linear and interpretable
classification model. In natural language processing research, this model is generally
regarded as one of the most fundamental and highly interpretable models [46]. Model
parameters are estimated by minimizing the cross-entropy loss function as follows:

L = −
1

N

N∑

i=1

[yi log pi + (1− yi) log(1− pi)] , (1)

where the linear combination of standardized linguistic features is transformed into a
probability through the sigmoid function pi = σ(β⊤xi), xi denotes the feature vector,
and yi = 1 if the news is real and yi = 0 otherwise.

XGBoost / LightGBM Models. The detection of fake news often relies on
nonlinear relationships and interaction effects among multiple features rather than
on isolated feature contributions [32]. XGBoost and LightGBM are typical gradient-
boosting algorithms that construct tree ensembles sequentially. Each tree is fitted
to reduce the errors of the preceding trees, allowing the models to capture complex
nonlinear relationships and high-order interactions among linguistic features [47]. The
binary cross-entropy loss defined in Equation 1 is used as the optimization objective.

Random Forest Model. Random Forest is a tree-based ensemble learning
method that incorporates randomness during model construction [48]. The final pre-
diction is obtained by aggregating multiple decision trees trained on randomly sampled
subsets of data and features. During tree construction, the model selects the feature
split that maximally reduces node impurity based on the Gini criterion:

G = 1−

K∑

k=1

p2
k
, (2)

where pk denotes the proportion of samples belonging to class k within a node. In
this study, Random Forest is used as a comparative model to examine the cross-model
consistency of linguistic features and further assess their robustness [11].

MLP Model. As a typical neural network model, MLP can learn hierarchical
representations and capture complex nonlinear dependencies in textual data [49]. Deep
learning models are particularly effective at modeling semantic patterns, subjective
expressions, and feature interactions that are difficult to capture using traditional
linear approaches [50]. This advantage plays a critical role in fake news identification,
given that disinformation commonly consists of intricate mixes of affective features,
subjective expressions, narrative styles, and semantic conflicts.

The MLP takes linguistic features as inputs and captures nonlinear relationships
among features through successive nonlinear mappings. The model is trained using
the loss function defined in Equation 1.
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4.2 Cross-model Feature Attribution and Consistency

Analysis

Since the importance of linguistic features varies across different models, we adopt
SHAP values to quantify and interpret marginal feature contributions across all mod-
els, which is selecting the appropriate implementation method according to the model
structure. Specifically, KernelSHAP is used for Logistic Regression, TreeSHAP for
tree-based models, and DeepSHAP for the MLP model.

It should be noted that although the methods for computing SHAP values differ,
they are based on the same feature attribution principle, share a consistent interpre-
tive logic, and provide interpretation results on a unified scale. Figure 2 presents the
detailed analytical process for interpreting the linguistic features of fake news using
multiple machine learning models and SHAP-based feature attribution.

Linear model

Logistic

Regression
XGBoost

Tree-based model

LightGBM
Random

Forest

Neural network

MLP

KernelSHAP TreeSHAP DeepSHAP

Unified SHAP-based Feature Attribution Framework

·      Consistent feature attribution principle

·      Model-agnostic interpretability logic

·      Comparable attribution scale across models

        

                                                            

Comparable Outputs

    Feature

    Comparable  

Importance

Across Models

Comparable

Rankings 

Fig. 2 SHAP-based feature attribution framework.

In this study, SHAP is not adopted for concrete predictive modeling. Instead, it
serves as a unified interpretive approach. The primary aim of this paper is not to com-
pare the internal mechanisms of different algorithms, but to examine whether linguistic
feature importance remains consistent across models under a unified explanatory scale.

To identify the intrinsic linguistic features in fake news, cross-model consistency
analysis is performed at the feature interpretation step. If several features are captured
only by chance due to a particular model’s structure, their importance rankings often
present significant differences. Nevertheless, our core goal is to construct intrinsic fake
news features that do not rely on specific model architectures. Thus, we compare fea-
ture importance rankings across different SHAP-based models to identify the inherent
features of fake news. Specifically, we adopt correlation analysis to quantify the consis-
tency of linguistic features for fake news among models. High correlation coefficients
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imply that the extracted fake news features are nature and independent of particular
models or algorithms.

5 Results

5.1 Feature Contrast Between Real and Fake News

For verification of the inherent linguistic features of fake news, the same method is
applied to extract features from real news for comparison. To better distinguish the
linguistic features of real and fake news, each element in their respective feature vectors
is weighted, and the weights are normalized using the softmax function, such that
more distinctive features are assigned higher weights.

Subsequently, the cosine similarity is computed via the dot product of the weighted
feature vectors to measure the feature differences between real and fake news, while
the Euclidean distance is further calculated to quantify their linguistic discrepancy.

As expected, the cosine similarity reaches −1.000 for both 103 and 24 features.
This implies that real and fake news exhibit nearly opposite linguistic structures in the
feature space. Moreover, the 24-feature representation shows a larger Euclidean dis-
tance than the original 103-feature representation. This indicates that the aggregated
high-level features can distinguish real and fake news more clearly.

Figure 3 further illustrates the structural differences between real and fake news
across two types of feature representation, with 103 original linguistic features shown
on the left and 24 integrated features on the right.

The results clearly show that real and fake news exhibit distinct linguistic feature
distributions, suggesting that fake news possesses different linguistic characteristics
from real news. These findings provide further evidence for the validity of the fake
news features presented in Table 1 and indicate that these distinctive features are
more strongly embedded in fake news than in real news.

Fig. 3 Comparison of attention-weighted center vectors for true and fake news: (a) original 103
linguistic feature metrics and (b) aggregated 24 linguistic features.
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Fig. 4 Explained and cumulative explained variance ratios for PCA.

5.2 Spearman Correlation between PCA and SHAP Rankings

We first examine the linguistic features of fake news using PCA. Figure 4 presents
the explained variance ratios of the first ten principal components and the cumulative
explained variance ratio. The explained variance ratios of the principal components do
not exhibit any significant inflection points, indicating that the variance information
is dispersed across multiple principal components and does not form a clear low-
dimensional structure. At the same time, the cumulative explained variance results
show that 15 principal components need to be retained from the 24 original features
for the cumulative explained variance to exceed 95%. Therefore, PCA struggles to
achieve effective dimensionality reduction for the proposed linguistic feature set and
is not designed to provide interpretable feature importance.

Table 2 presents the correlations between the PCA rankings and the SHAP rank-
ings obtained from the machine learning models. The Spearman rank correlation
coefficients are all close to 0. Specifically, the correlation coefficients between PCA and
MLP, LightGBM, XGBoost, and Logistic Regression are all negative. Although Ran-
dom Forest shows a positive correlation, the value is low (ρ = 0.117). These results
indicate that the feature importance rankings derived from PCA and SHAP are not
consistent with each other.

Thus, we can claim that PCA is not suitable as the primary interpretive tool for
language features in fake news. One could explain that PCA achieves dimensionality
reduction through linear combinations of the original features, weakening the corre-
spondence between the original linguistic features and their semantic interpretation.

Compared with PCA, SHAP reveals the marginal contribution of individual fea-
tures and preserves their inherent semantic information. Therefore, SHAP offers
greater feasibility and practicality in the analysis of feature importance [29, 51].
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Table 2 Feature correlation
between PCA and SHAP
rankings.

Model Spearman ρ

MLP -0.069
LightGBM -0.220
XGBoost -0.256
Logistic Regression -0.276
Random Forest 0.117

5.3 SHAP Feature Importance Rankings

Figure 5 shows the SHAP feature importance rankings for five machine learning mod-
els. The SHAP values represent the average marginal contribution of each feature to
the prediction. A higher value indicates a more significant influence on the model’s
decision. Meanwhile, we can observe the most dominant features of fake news and fur-
ther analyze the overlaps of major features across the five machine learning models .To
compare the consistency of importance rankings across different models, we calculate
the Spearman rank correlation coefficients for each model.

Table 3 Spearman rank correlations among model feature
importance rankings.

XGBoost LightGBM LogReg MLP RF

XGBoost 1 0.977 0.749 0.741 0.037
LightGBM 0.977 1 0.703 0.693 -0.013
LogReg 0.749 0.703 1 0.794 0.154
MLP 0.741 0.693 0.794 1 0.208
RF 0.037 -0.013 0.154 0.208 1

Table 3 shows that XGBoost and LightGBM exhibit the highest consistency
(ρ = 0.977), likely because both models employ similar boosting strategies. Logis-
tic Regression and the tree-based boosting models also show moderate consistency
(ρ ≈ 0.7). In contrast, Random Forest exhibits relatively low consistency with the
other models, which may be related to fluctuations in feature importance caused by
its random sampling and splitting mechanisms.

Overall, most models demonstrate a relatively high level of consistency in iden-
tifying the key linguistic features of fake news. This suggests that the constructed
linguistic feature system possesses good structural stability.

5.4 Core Linguistic Feature Identification

To identify the core linguistic features of fake news that remain consistent across
different models, we analyze the importance of each feature across multiple machine
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Fig. 5 SHAP summary plots of linguistic feature importance across five machine learning models.
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Fig. 6 Heatmap of linguistic feature importance across five machine learning models.

learning models. Together with the results reported in Table 3, we adopt a comparative
and interpretive approach to identify linguistic features that demonstrate high and
relatively consistent importance across XGBoost, LightGBM, LogReg, and MLP.

Figure 6 presents the mean absolute SHAP values of the 24 linguistic features
across five models. The rows represent linguistic features, while the columns represent
models. The color gradient indicates the relative importance of each feature, ranging
from the most important to the least important (from red to blue).

Based on the results shown in Figure 6, we identify eight core linguistic fea-
tures of fake news, which can be divided into three categories. Figure 7 illustrates
the three-category organization of these eight core linguistic features. The first cate-
gory corresponds to linguistic style features, capturing the stylistic attributes of fake
news, including Clickbait, Pronoun Usage, and Lexical Complexity. The second cate-
gory reflects information complexity characteristics, consisting of Semantic Embedding
Divergence, Factivity Verifiability, and Veracity Cues, which jointly characterize the
ambiguity and complexity of news content. The third category comprises discourse
and narrative structure features, including Discourse Coherence and Entity & Quota-
tion Pattern, which characterize the textual organization and narrative structure of
news content.
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Top Eight Core Linguistic Features of Fake News

Information Complexity

Factivity Verifiability

Semantic Embedding Divergence

Veracity Cues

Narrative Structure

Entity & Quotation Pattern

Discourse Coherence

Linguistic Style 

Pronoun Usage

Clickbait

Lexical Complexity

Fig. 7 Top eight core linguistic features of fake news.

6 Discussion

This section discusses how the identified core linguistic features shape the creation
and dissemination of fake news from the perspectives of news production, cognition
and discourse.

6.1 Linguistics and Manipulation of Fake News

Empirical findings indicate that fake news demonstrates systematic linguistic char-
acteristics rather than random expressions. This reflects consistent communicative
goals, recurring linguistic patterns, and the strategic imitation of journalistic con-
ventions. Based on this, the following analysis discusses how fake news misleads
audiences through three aspects: communicative purpose, linguistic mechanisms, and
the manipulation of norms.

First, despite variations in platforms, contexts, and audiences, fake news adopts
similar linguistic manipulation strategies in its dissemination. To attract attention,
influence audience judgment, reduce fact-checking efforts, manipulate emotions, and
create social conflict [25, 52, 53], fake news consistently employs specific linguistic fea-
tures to enhance its dissemination and persuasive effects. Previous research has shown
that these objectives can be achieved through linguistic and semantic manipulation
strategies [21].

Second, the key linguistic features identified in this study are highly consistent
across different models, suggesting that these features constitute stable linguistic cues.
According to the Elaboration Likelihood Model [54], individuals switch between the
central route and the peripheral route during information processing. Audiences tend
to rely on linguistic cues to make rapid judgments in environments of information
overload and limited attention. Consequently, information processing and judgment
are easily guided by these linguistic features, independent of the specific news context.

Third, the production of fake news appears to be increasingly sophisticated and
professionalized. Fake news is less likely to manifest as incoherent language or unusual
phrasing. Instead, it tends to mimic the format and linguistic features of real news.
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This reduces audience vigilance and undermines their ability to assess the authenticity
of news [22, 55–57].

6.2 Feature and Mechanisms of Fake News

The eight core features interact synergistically across the entire information processing
pipeline, rather than functioning in isolation. Cognitive and discursive theories help
to account for these patterns. Additionally, we can explain these patterns from the
perspectives of information intake, narrative structure, and judgment.

6.2.1 Attention and Information Intake Mechanisms

Both Clickbait and Lexical Complexity influence audience choices during the infor-
mation intake stage. This stage determines whether information can move forward to
dissemination and comprehension via attention capture and click generation.

Selective Exposure Theory suggests that audiences are not passive recipients in
the process of information selection. Instead, they actively engage in selective expo-
sure under conditions of limited attention and cognitive resources. This process takes
place prior to deep comprehension, at the stage of information intake [18]. In today’s
information-rich digital landscape, attention has become a scarce resource, and com-
petition between information sources is increasingly focused on winning audience
attention [16, 17]. Thus, Clickbait uses information gaps as a deliberate strategy.
Incomplete and emotionally charged headlines spark curiosity and the urge to click,
increasing the likelihood that audiences will select fake news.

In contrast, Lexical Complexity does not simply reflect text difficulty. Instead,
it shapes expectations about comprehensibility and informational value, influencing
whether audiences continue reading. This process aligns with the psychological mecha-
nism of cognitive ease: information that is easier to process and imposes lower cognitive
load may therefore be judged as more truthful or credible [58, 59].

6.2.2 Semantic Coherence and Narrative Credibility Mechanisms

As reflected in Semantic Embedding Divergence, Discourse Coherence, and Entity &
Quotation Patterns, fake news imitates real news styles to appear more credible to
audiences.

Semantic Embedding Divergence shows that fake news may appear coherent and
plausible on the surface, while its underlying logic departs from objective facts. Pre-
vious research suggests that audiences rely on interpretive frames to make sense of
information [60]. Thus, a consistent narrative frame may help fake news obscure factual
contradictions and appear more credible.

Discourse Coherence embodies structural imitation in narratives. To gain credi-
bility, fake news often imitates the narrative structure and linguistic norms of real
news [22]. There are two dimensions of coherence: local and global. The first describes
intra-text cohesion, and the second measures the conformity of content to real-world
situations [61, 62]. Audiences first establish local coherence when making judgments.
As a result, even when content deviates from reality, fake news can still appear credible
through local coherence.
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Entity & Quotation Pattern captures how authority cues are constructed in fake
news. Real news generally builds authority and factuality through named entities,
quotation formats and event organization [63]. Fake news adopts the same tactic by
featuring experts, institutions, and public figures as authoritative cues. This conveys
authority signals and reduces audience skepticism about content authenticity [64].

6.2.3 Factivity, Stance, and Group Identity Mechanisms

Factivity Verifiability, Veracity Cues, and Pronoun Usage reduce audience skepticism
and guide audience judgment through factual expressions, veracity cues, and group-
oriented pronoun use.

Factivity Verifiability does not refer to the actual truthfulness or verification of
information, but rather to the linguistic construction of factuality. To mimic real news,
fake news may use high-certainty expressions, thereby reducing audience doubt [57].
Previous research has shown that epistemic certainty can be expressed through specific
linguistic forms [65]. As a result, audiences may equate expressions of certainty with
factual validity and may therefore be more likely to accept the information as true
while conducting fewer follow-up checks on its authenticity.

Veracity Cues draw on pseudo-objective, specific, and technical details, rather than
genuine improvements in content actual truthfulness. Such details include precise refer-
ences to time, location, numbers, or technical terms. When sufficient cues are present,
audiences are less likely to engage in systematic processing. Instead, they default to a
heuristic mode of processing and perceive the information as credible [19, 66].

Pronoun Usage frames interpretation by linking content to group identity via
specific referents. Pronouns function as linguistic resources for identity construction,
reinforcing boundaries between in-group and out-group members [67]. This form of
identity-based language plays a key role in the spread of fake news [68]. It not only
increases audience engagement but may also facilitate dissemination. As a result, Pro-
noun Usage can shift audience judgment from factual evaluation toward identity-based
evaluation, where individuals rely more on group affiliation than on content accuracy.

6.3 Practical Implications

The findings of this study indicate that fake news is not merely random linguistic noise,
but is instead characterized by a set of reproducible and systematically identifiable
features. This further implies that the analysis of fake news should not be limited to
text classification, but also account for the underlying discursive processes and the
cognitive shaping of audiences.

Manipulation in fake news often occurs before fact-checking mechanisms are acti-
vated. It can shape judgments of content authenticity at the information intake stage.
This suggests that the governance of fake news should not rely solely on post hoc
fact-checking but may benefit from shifting earlier to the stage of information entry.
This shift can enhance the recognition of linguistic patterns and increase awareness of
potential manipulative mechanisms.

Overall, by identifying inherent linguistic features, this study highlights the under-
lying structural logic of fake news. These findings suggest that fake news is not
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composed of random errors but rather constitutes a communicative phenomenon that
can be systematically analyzed, theoretically explained, and effectively governed.

Based on the results above, the practical applications of the identified linguistic
features can be further considered in multiple contexts.

One important implication is that these linguistic features provide a foundation
for the development of automated tools for detecting fake news. Such tools can be
integrated into news or social media platforms to support content moderation. This
enables earlier detection of potentially misleading content and reduces the risk of its
further spread.

Another important implication concerns media literacy. These features can be
incorporated into media literacy initiatives. They enable audiences to recognize recur-
ring linguistic patterns in fake news, which promotes critical awareness. They could
also provide professional training for journalists and media practitioners, improving
their ability to identify and respond to misleading content.

A further implication lies in public policy and platform governance. These features
can also serve as a reference for public policy and platform governance. They enable
the development of more fine-grained evaluation frameworks and targeted intervention
mechanisms, facilitating a shift from reactive content moderation to proactive risk
detection. This contributes to the development of more refined and targeted strategies
for fake news mitigation.

7 Conclusion

Based on communication, linguistics, and psychology, we first extract the inherent
features of fake news by adopting statistical methods, lexicon-based models, and NLP
techniques . We further analyze these features with the combination of SHAP values
and machine learning models. The empirical results show that XGBoost, LightGBM,
LogReg and MLP have high consistency in feature importance ranking.

Using SHAP analysis, we extract eight core linguistic features of fake news,
including Clickbait,Semantic Embedding Divergence,Lexical Complexity,Discourse
Coherence,Entity & Quotation Pattern, Factivity Verifiability, Pronoun Usage and
Veracity Cues. These features of fake news, which fall into three major categories
(information complexity, linguistic style and narrative structure), jointly mislead
audiences throughout information acquisition, narrative comprehension and cognitive
evaluation.

The core linguistic patterns summarized in this paper can provide a clear reference
for the design and optimization of fake news detection algorithms. By focusing on these
validated core features, one can reduce feature dimensionality and eliminate redundant
variables. This contributes to developing more targeted and effective strategies for fake
news mitigation.

This study also suggests that the governance of fake news should pay greater atten-
tion to linguistic mechanisms at the information entry stage. This measure can raise
public awareness and strengthen people’s vigilance against disinformation, thereby
reducing its impact on audience cognition and judgment.
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Due to the limitations of the research sample, the generalizability of the findings
needs further verification. In future work, we will expand the dataset and explore the
dynamic changes of fake news linguistic features and interaction mechanisms.

Data Availability. The dataset analysed during the current study is publicly
available in the Kaggle repository, Fake and Real News Dataset (ISOT Fake News
Detection Dataset), at https://www.kaggle.com/datasets/clmentbisaillon/fake-and-
real-news-dataset.
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Figure Legends. Figure 1. Three-level quantifiable linguistic feature framework
for fake news.

Figure 2. SHAP-based feature attribution framework.
Figure 3. Comparison of attention-weighted center vectors for true and fake news.

(a) Original 103 linguistic feature metrics. (b) Aggregated 24 linguistic features.
Figure 4. Explained and cumulative explained variance ratios for PCA.
Figure 5. SHAP summary plots of linguistic feature importance across five

machine learning models.
Figure 6. Heatmap of linguistic feature importance across five machine learning

models.
Figure 7. Top eight core linguistic features of fake news. “‘

Table Legends. Table 1. Fake news linguistic features.
Table 2. Feature correlation between PCA and SHAP rankings.
Table 3. Spearman rank correlations among model feature importance rankings.
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