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Abstract 

This paper addresses the automated detection of fake news by developing an emotion-aware credibility scoring model that 

leverages the complementarity of affective signals and transformer-based text representations, with particular attention to 

low-resource computing environments characteristic of Sub-Saharan African digital contexts. A three-stage pipeline 

integrates: (i) subjectivity and polarity scores from TextBlob, (ii) eight-dimensional emotion intensity profiles from the 

NRC Emotion Lexicon, and (iii) a contextual probability from a fine-tuned BERT-base-uncased classifier. The three 

signals are fused into a unified credibility score S₁ ∈ [0,1] through a weighted formula calibrated by grid search on 

validation data. Evaluation is performed on the FakeNewsNet benchmark (3,720 articles) with cross-domain validation on 

the LIAR dataset. The proposed model achieves F₁ = 0.77 and AUC = 0.84 on FakeNewsNet, outperforming all evaluated 

baselines including standalone fine-tuned BERT (F₁ = 0.74). An ablation study confirms that the NRC emotion module 

provides the largest marginal gain (−0.04 when removed), with anger, fear, and disgust identified as the strongest 

discriminative markers. Cross-domain evaluation on LIAR yields F₁ = 0.71 without retraining, demonstrating domain-

agnostic robustness. Integrating lexicon-based emotion features with contextual transformer representations yields 

measurable improvements over BERT alone and produces a model that is both effective and computationally affordable. 

The model has been integrated into the EyeAndEars platform for Cameroonian deployment, providing an accessible 

misinformation detection tool for journalists, educators, and citizens in environments where dedicated fact-checking 

infrastructure is limited. 
 

 Keywords: Africa, BERT, Credibility scoring, Emotion analysis, Fake news detection, Misinformation, Natural language processing,  

NRC Emotion Lexicon. 
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1. Introduction 

The proliferation of digital platforms has fundamentally altered how information is produced, shared, and consumed. 

Social media channels such as Facebook, Twitter, and WhatsApp allow any individual to broadcast content to a global 

audience instantly and without editorial oversight. While this democratisation of information has undeniable benefits, it has 

simultaneously created fertile ground for the rapid spread of fake news. A landmark study by Vosoughi, et al. [1] 

demonstrated that false information propagates approximately six times faster than true news on Twitter, reaching larger 

audiences through deeper cascade chains. The consequences range from distorted electoral outcomes and financial market 

manipulation to public health crises, as vividly illustrated during the COVID-19 infodemic [2]. 

In Sub-Saharan Africa, and in Cameroon in particular, these challenges are compounded by the dominance of 

WhatsApp as the primary information channel, limited digital literacy among large segments of the population, and a 

scarcity of dedicated fact-checking organisations [3]. Misinformation spread during the 2018–2019 political crisis and 

throughout the COVID-19 pandemic led to documented harms, from the adoption of unproven remedies to the erosion of 

institutional trust [4]. Building reliable, computationally affordable detection tools adapted to this context is therefore both 

a technical challenge and a societal necessity. 

A key observation from the linguistic analysis of fake news is that misleading content systematically exploits 

emotional language to maximise reader engagement and viral sharing [5, 6]. Fake articles disproportionately employ fear, 

anger, and disgust to bypass critical thinking, while genuine news tends to maintain a more neutral, factual tone [7]. This 

emotional asymmetry provides a powerful detection signal that complements purely semantic approaches based on 

contextual language models. 

This paper presents an emotion-driven credibility scoring model that integrates three complementary signals: (i) 

subjectivity and polarity scores extracted via TextBlob [8], (ii) emotion intensities from the NRC Emotion Lexicon [9], and 

(iii) a contextual classification score produced by a fine-tuned BERT model [10]. These three scores are combined into a 

unified credibility score S₁ through a weighted fusion formula whose parameters are calibrated empirically. The proposed 

model is evaluated on the widely used FakeNewsNet benchmark [11] and compared against four competitive baselines. 

Notably, the system is designed to be deployable in low-resource environments and has been integrated into the 

EyeAndEars platform, a web-based misinformation detection tool developed for the Cameroonian digital context. 

The main contributions of this paper are: (1) a principled emotion-aware credibility score that fuses lexicon-based 

emotion features with a contextual transformer representation; (2) an empirical analysis identifying the specific emotional 

markers most discriminative of fake news; (3) an ablation study quantifying the marginal contribution of each component; 

and (4) a practical integration case study in the context of Cameroonian misinformation detection. 

The remainder of this paper is organised as follows. Section 2 reviews related work. Section 3 presents the proposed 

methodology. Section 4 describes the experimental setup. Section 5 reports and discusses the results. Section 6 concludes 

the paper and outlines future research directions. 

 

2. Related Work 

2.1. Feature Engineering and Machine Learning Approaches 

The earliest automated fake news detection systems relied on manually designed feature sets fed into traditional 

classifiers. Castillo, et al. [12] formalised credibility assessment on Twitter by constructing features from tweet propagation 

patterns, user reputation scores, and textual cues, establishing the foundational principle that credibility is multi-

dimensional. Rashkin, et al. [13] introduced the LIAR benchmark [14] and demonstrated that writing-style features, 

including hedge word density, certainty markers, and first-person pronoun frequency — effectively discriminate truthful 

from deceptive content using SVM classifiers. However, such hand-crafted features suffer from limited transferability 

across domains and languages. Perez-Rosas, et al. [7] combined n-gram representations with psycholinguistic dictionaries 

to train SVM classifiers, confirming that lexical markers of subjectivity and affective content correlate significantly with 

fake content. Despite their interpretability, these approaches face a fundamental ceiling imposed by the expressive 
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limitations of handcrafted features: they capture surface-level patterns but fail to model deep semantic and contextual 

relationships that characterise sophisticated misinformation [6]. 

With the advent of deep learning, CNN and recurrent architectures substantially raised classification performance. Kim 

[15] showed that CNN models with pre-trained GloVe embeddings achieve excellent results on sentence classification, 

capturing local n-gram patterns efficiently, though they lack the ability to model long-range dependencies critical for 

understanding the rhetorical structure of deceptive articles. Bidirectional LSTM networks [16] address this through 

sequential dependency modelling. Shu, et al. [17] proposed dEFEND, a hierarchical co-attention network that jointly 

models article content and user comments to produce explainable verdicts, demonstrating the value of social context as a 

complementary signal. However, dEFEND requires access to associated social media threads, which are not always 

available in low-resource deployment contexts. Ma, et al. [18] introduced tree-structured recursive neural networks 

operating on the propagation graph of a claim, demonstrating that diffusion patterns carry a strong discriminative signal. 

While effective, graph-based methods require reconstructing propagation trees, a constraint that limits real-world 

deployability. 

The introduction of pre-trained transformer models marked the most significant inflection point in fake news detection. 

Devlin, et al. [10] proposed BERT, a bidirectional encoder pre-trained on large corpora via masked language modelling, 

whose fine-tuned representations transfer effectively to downstream classification tasks, achieving F₁ scores above 0.80 on 

FakeNewsNet. Liu, et al. [19] proposed RoBERTa, a robustly optimised pre-training approach that removes next-sentence 

prediction and uses larger batches, improving over BERT on most benchmarks. Sanh, et al. [20] proposed DistilBERT, a 

knowledge-distilled version with 40% fewer parameters and 60% faster inference while retaining 97% of language 

understanding capacity. Yang, et al. [21] proposed XLNet, a generalised autoregressive pre-training method that captures 

bidirectional context while modelling dependencies within the predicted sequence. Despite their strong performance, pure 

transformer classifiers treat fake news detection as a black-box classification problem without explicitly exploiting the 

emotional asymmetries that distinguish deceptive from genuine content — a gap the proposed model addresses. 

 

2.2. Sentiment and Emotion Analysis for Misinformation Detection 

The role of sentiment and emotion in deceptive content has been extensively studied. Horne and Adali [5] conducted a 

systematic linguistic analysis of 9,000 articles from FakeNewsNet and found that fake news articles use more extreme 

language, more negative sentiment, and fewer analytical terms than legitimate journalism, establishing emotional loading 

as a more reliable indicator of deception than any individual lexical feature. Giachanou, et al. [22] demonstrated that 

integrating emotion features derived from the NRC Emotion Lexicon into neural architectures significantly improves fake 

news classification on multiple datasets. Singhania, et al. [23] proposed 3HAN, a three-level hierarchical attention network 

capturing emotional signals at the sentence, paragraph, and document levels, showing that emotion dynamics across the 

discourse structure provide a richer discriminative signal than aggregate emotion counts alone. 

The NRC Emotion Lexicon Mohammad and Turney [9] developed by Mohammad and Turney via crowdsourced 

annotation on Amazon Mechanical Turk, maps over 14,000 English words to eight basic emotions (anger, anticipation, 

disgust, fear, joy, sadness, surprise, trust) and two sentiment polarities. Its theoretical basis derives from Plutchik's wheel of 

emotions [24], which posits that strong negative emotions such as anger, fear, and disgust foster impulsive sharing 

behaviour and lower cognitive scrutiny of content, consistent with the propagation dynamics documented by Vosoughi, et 

al. [1]. This psychoevolutionary grounding provides a principled motivation for using the NRC lexicon as a fake news 

detection signal: if misinformation systematically exploits these emotions to bypass critical thinking, then their measurable 

linguistic traces should be predictive of fake content. 

 

2.3. Approaches in African and Low-Resource Contexts 

Despite the global severity of the misinformation problem, research targeting the African context remains critically 

scarce. Tchakounté, et al. [25] proposed a crowd-sourced credibility aggregation model for Cameroonian social media, 

acknowledging the challenge of building annotated corpora in multilingual, low-resource settings where code-switching 

between French, English, and Camfranglais is pervasive. Apuke and Omar [4] surveyed fake news spread patterns across 

Africa, identifying WhatsApp as the dominant dissemination channel and limited media literacy as the principal amplifying 

factor. The COVID-19 infodemic provided a stark illustration: health misinformation spread through WhatsApp groups 

caused documented harm through delayed medical treatment and the adoption of dangerous unproven remedies [2]. From a 

methodological perspective, the African context imposes three structural constraints that existing detection models do not 

adequately address: (i) the absence of large locally annotated corpora; (ii) the multilingual and code-switching nature of the 

content; and (iii) the computational resource limitations of the target deployment environment. The present work addresses 

all three constraints by leveraging publicly available datasets, relying on a language-agnostic emotional signal, and 

designing a lightweight inference pipeline. 

 

2.4. Comparative Summary and Research Gap 

Table 1 synthesises representative approaches along technique, key features, limitations, and F₁ performance. The 

survey reveals a consistent gap: high-performance models either ignore emotional signals (pure transformer classifiers) or 

exploit emotion without deep contextual representations. The proposed model bridges this gap by fusing both signal types 

while remaining computationally affordable for low-resource deployment. 
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Table 1.  

Comparative summary of representative fake news detection approaches. 

Work Approach / Key features Key limitation F₁ 

Rashkin, et al. [13] SVM + style features, LIAR dataset No semantic context; domain-specific 0.62 

Kim [15] CNN + GloVe embeddings No emotion signal; local patterns only 0.66 

Ma, et al. [18] Tree-RNN on propagation graph Requires social graph 0.73 

Shu, et al. [17] dEFEND hierarchical co-attention Requires user comments; no emotion 0.72 

Giachanou, et al. [22] NRC emotions + neural classifier No contextual transformer 0.72 

BERTₚₜ Devlin, et al. [10] Fine-tuned BERT (text only) No explicit emotion modelling 0.74 

Proposed BERT + NRC + TextBlob fusion English NRC only; text modality 0.77 

 

3. Proposed Methodology 
Figure 1 provides an overview of the proposed pipeline. Given a textual input document d (a news article or social 

media post), the system computes three complementary feature scores and combines them into a final credibility score S₁ ∈ 

[0, 1], where values close to 1 indicate high credibility and values close to 0 indicate likely misinformation. The three 

stages operate in parallel and are described in the following subsections. 

 

 
Figure 1. 

Overview of the proposed emotion-driven credibility scoring pipeline. 

The three stages operate on the preprocessed document in parallel; 

their outputs are fused into the final score (S_1 \in [0,1]). 

 

3.1. Text Preprocessing 

Each input document d undergoes a standard NLP preprocessing pipeline: (1) HTML tags and URLs are removed 

using regular expressions; (2) the text is tokenised and lowercased for lexicon-based modules while retaining original 

capitalisation for BERT; (3) stop words are removed for TF-IDF representation; (4) the text is truncated to a maximum of 

512 tokens to comply with BERT's positional embedding constraints. Named entity recognition is applied using spaCy [26] 

to identify persons, organisations, and locations, which serve as anchors for the credibility analysis in the NRC module. 

 

3.2. Stage 1: Subjectivity and Polarity Features 

The first feature component captures the degree of subjectivity and sentiment polarity of the input text, two well-

established indicators of deceptive content [7]. We use TextBlob [8] a Python library built on top of the Pattern web mining 

toolkit, which assigns two scores to each document: a subjectivity score σ(d) ∈ [0, 1] (0 = entirely objective, 1 = entirely 

subjective) and a polarity score π(d) ∈ [−1, 1] (−1 = very negative, +1 = very positive). The absolute value of polarity is 

used, as both highly positive and highly negative content can signal manipulation. The combined subjectivity-polarity 

feature is: 

f_SP(d) = α · σ(d) + (1 − α) · |π(d)| 

where α = 0.6 weights subjectivity more heavily than polarity, following the empirical finding that subjectivity is a 

more reliable predictor of misleading content than polarity alone [7]. A fake news suspicion score from this stage is derived 

as S_SP(d) = 1 − f_SP(d), reflecting the fact that high subjectivity and strong polarity are associated with lower credibility. 
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3.3. Stage 2: NRC Emotion Lexicon Features 

The second component extracts emotion intensity profiles from the NRC Emotion Lexicon [9]. For each of the eight 

NRC emotions e ∈ {anger, anticipation, disgust, fear, joy, sadness, surprise, trust}, we compute the normalised frequency 

of emotion-bearing words in the document: 

ε_e(d) = |{w ∈ d : w ∈ NRC(e)}| / |d| 

where |d| is the total number of content words in d and NRC(e) is the set of lexicon entries associated with emotion e. 

Based on the empirical finding that anger, fear, and disgust are the most discriminative emotions for fake news [5, 22] we 

define a composite negative-emotion score: 

E_neg(d) = ω₁ · ε_anger + ω₂ · ε_fear + ω₃ · ε_disgust 

with weights ω₁ = 0.40, ω₂ = 0.35, ω₃ = 0.25, calibrated through grid search on the validation set. A trust correction 

term is subtracted to reward content that evokes confidence: E_score(d) = E_neg(d) − γ · ε_trust(d), with γ = 0.15. The 

resulting E_score(d) ∈ [0, 1] is a fake-news suspicion score: higher values indicate more emotionally manipulative content. 

 

3.4. Stage 3: Fine-Tuned BERT Classifier 

The third component is a binary classifier based on BERT-base-uncased Devlin, et al. [10] fine-tuned on the 

FakeNewsNet training set. The [CLS] token representation from the final transformer layer is fed into a linear classification 

head with a sigmoid activation, producing a probability estimate P(fake | d) ∈ [0, 1]. Fine-tuning is performed for 4 epochs 

with a learning rate of 2 × 10⁻⁵, batch size 16, and AdamW optimiser with weight decay 0.01. A dropout rate of 0.1 is 

applied on the classification head to reduce overfitting. The BERT suspicion score is defined as B_score(d) = P(fake | d). 

 

3.5. Credibility Score Fusion 

The three component scores are combined into the final credibility score S₁: 

S₁(d) = 1 − [α₁ · S_SP(d) + α₂ · E_score(d) + α₃ · B_score(d)] 

where the weights α₁ = 0.30, α₂ = 0.50, α₃ = 0.20 sum to 1 and reflect the relative importance of each signal. The NRC 

emotion component receives the highest weight (α₂ = 0.50) because emotion features showed the strongest univariate 

discriminative power on the validation set. The BERT component receives a lower weight (α₃ = 0.20) than its standalone 

performance might suggest, because its signal partially overlaps with the semantic content captured by the subjectivity 

module. Weight calibration was performed by grid search with step 0.05 on α ∈ [0, 1]³, subject to Σα_i = 1. A document is 

classified as fake if S₁(d) < 0.5 and as credible otherwise. 

 

4. Experimental Setup 
4.1. Dataset 

We evaluate our model on FakeNewsNet Shu, et al. [11] a comprehensive benchmark that includes news articles from 

two sub-datasets: PolitiFact (political claims) and GossipCop (entertainment news). We use a balanced subset of 3,720 

articles (1,860 fake, 1,860 real), partitioned into training (70%, n = 2,604), validation (15%, n = 558), and test (15%, n = 

558) splits. The average article length is 372 tokens, with a vocabulary of approximately 28,400 unique tokens. For cross-

dataset evaluation, we additionally test on the LIAR dataset [14] (12,836 short political statements), binarised into fake (≤ 

Barely True) and real (≥ Half True) categories. 

 

4.2. Evaluation Metrics 

We report Precision, Recall, F₁-score, and the Area Under the ROC Curve (AUC) as evaluation metrics. The F₁-score 

is the harmonic mean of precision and recall and is particularly informative for imbalanced detection tasks. AUC measures 

discriminative power independently of the classification threshold and is used to assess the quality of the credibility score 

S₁ as a ranking function. All metrics are computed on the held-out test set. 

 

4.3. Baselines 

The proposed model is compared against four baselines: 

• TF-IDF + SVM: a classical NLP pipeline using term frequency-inverse document frequency features and a linear 

Support Vector Machine, representing the traditional machine learning approach [13]. 

• CNN: a convolutional neural network with pre-trained GloVe embeddings (300-dimensional), representing the first-

generation deep learning baseline [15]. 

• BiLSTM: a bidirectional Long Short-Term Memory network with attention, capturing sequential dependencies in 

text [16]. 

• BERTₜ: BERT-base-uncased fine-tuned on FakeNewsNet without the lexicon fusion, serving as the upper-bound 

ablation baseline to quantify the added value of the emotion module. 

 

4.4. Implementation Details 

All experiments are implemented in Python 3.10 using PyTorch 2.1 and the Hugging Face Transformers library. BERT 

fine-tuning is performed on an NVIDIA RTX 3080 GPU (10 GB VRAM). TextBlob version 0.17.1 is used for subjectivity 

and polarity extraction. The NRC Emotion Lexicon (English, version 0.92) is queried through the NRCLex Python 

wrapper. All experiments use random seed 42 for reproducibility. Training time for BERT fine-tuning is approximately 22 

minutes per run. 
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5. Results and Discussion 
5.1. Classification Performance 

Table 2 reports classification performance on the FakeNewsNet test set. The proposed model achieves the best result 

among all evaluated systems, with an F₁-score of 0.77 and an AUC of 0.84. It outperforms the standalone BERTₜ baseline 

(F₁ = 0.74, AUC = 0.81) by 3 F₁ points, demonstrating that the emotion-aware fusion adds measurable value beyond the 

transformer classifier alone. The BiLSTM model achieves moderate performance (F₁ = 0.69), confirming that sequential 

architectures without contextual pre-training fall short of transformer-based approaches on this task. 

 
Table 2.  

Classification performance on the FakeNewsNet test set (n = 558). 

Model Precision Recall F₁ AUC 

TF-IDF + SVM Rashkin, et al. [13] 0.63 0.61 0.62 0.66 

CNN Kim [15] 0.67 0.65 0.66 0.70 

BiLSTM Hochreiter and 

Schmidhuber [16] 

0.70 0.68 0.69 0.73 

BERTₜ Devlin, et al. [10] 0.75 0.73 0.74 0.81 

Proposed Model 0.78 0.76 0.77 0.84 

 

For cross-dataset generalisation, the proposed model achieves an F₁-score of 0.71 on the LIAR dataset without any 

domain-specific retraining, compared to 0.68 for BERTₜ alone. The consistent improvement across both datasets suggests 

that the emotion signal is domain-agnostic, capturing a fundamental property of deceptive content rather than dataset-

specific artefacts. 

 

5.2. Ablation Study 

Table 3 presents the results of an ablation study in which each component of the proposed model is removed in turn. 

The NRC emotion module (Stage 2) contributes the largest performance gain: removing it causes a drop of 4 F₁ points 

(from 0.77 to 0.73). This confirms the central hypothesis that emotional language is a strong and robust indicator of 

misinformation. The subjectivity/polarity module (Stage 1) contributes a smaller but consistent gain (+2 F₁ points), while 

the BERT component (Stage 3) is the single most powerful individual predictor (F₁ = 0.74 standalone) but benefits from the 

complementary signals provided by the lexicon modules. 

 
Table 3.  

Ablation study on FakeNewsNet test set. 

Configuration F₁ AUC ΔF₁ 

Full model (S₁ fusion) 0.77 0.84 — 

w/o Stage 1 (no TextBlob) 0.75 0.82 −0.02 

w/o Stage 2 (no NRC emotions) 0.73 0.79 −0.04 

w/o Stage 3 (no BERT) 0.71 0.76 −0.06 

BERTₜ only (standalone) 0.74 0.81 −0.03 

 

5.3. Emotional Marker Analysis 

Table 4 reports the mean NRC emotion scores for fake and real articles in the test set. Fake articles exhibit 

significantly higher levels of anger (μ = 0.18 vs. 0.07), fear (μ = 0.15 vs. 0.06), and disgust (μ = 0.12 vs. 0.04), consistent 

with prior findings in the literature [5, 22]. Conversely, real articles score higher on trust (μ = 0.21 vs. 0.09) and 

anticipation (μ = 0.14 vs. 0.08). This emotional asymmetry justifies the design choice to assign higher weight to the NRC 

component in the fusion formula. 

 
Table 4. 

 Mean NRC emotion scores by article category (test set, n = 558). 

Emotion Fake News (μ) Real News (μ) Difference 

Anger 0.18 0.07 +0.11* 

Fear 0.15 0.06 +0.09* 

Disgust 0.12 0.04 +0.08* 

Sadness 0.10 0.08 +0.02 

Trust 0.09 0.21 −0.12* 

Anticipation 0.08 0.14 −0.06* 

Joy 0.07 0.11 −0.04 

Surprise 0.09 0.09 0.00 
Note: * Statistically significant difference (Mann-Whitney U test, p < 0.01). 

 

5.4. Discussion 

The experimental results confirm four main conclusions. First, emotional language is a robust and domain-agnostic 

signal for fake news detection. The NRC emotion module contributes the largest marginal gain in the ablation study, and 
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the emotional profiles in Table 4 match theoretical predictions from Plutchik's psychoevolutionary model [24]. This 

robustness across the political (LIAR) and mixed-media (FakeNewsNet) domains suggests that the emotionally 

manipulative rhetorical strategy of misinformation transcends topical domains. Second, lexicon-based features and 

contextual transformer representations capture complementary aspects of the text. The NRC module identifies explicit 

emotional markers, while BERT captures implicit semantic patterns not expressed through individual charged words — 

such as irony, understatement, and manipulative framing. This complementarity explains why the full fusion systematically 

outperforms any individual component, including standalone BERT fine-tuned. Third, the lightweight design makes the 

model practical for resource-constrained deployment. The TextBlob and NRC components require no GPU and add 

negligible latency at inference, while BERT can be served from a modest GPU or CPU with quantisation, matching the 

computational infrastructure typically available in Sub-Saharan African deployment contexts. Fourth, the interpretability of 

the credibility score S₁ and the underlying emotion breakdown supports media literacy development in addition to 

automated flagging, an important factor for user adoption in communities with limited trust in automated systems. 

Two limitations deserve explicit mention. The NRC Emotion Lexicon was constructed primarily from English text and 

may not capture emotion expressions in French, Fulfulde, or Camfranglais, the three main languages of the Cameroonian 

information ecosystem. Extending the approach to these languages requires either translation-based lexicon adaptation or 

the development of new multilingual emotion resources. Additionally, the model handles text only and cannot process the 

images, videos, or audio that increasingly circulate in WhatsApp misinformation campaigns. Future work will address both 

limitations through multilingual lexicon extension and multimodal feature integration. 

 

6. Conclusion 
This paper presented an emotion-driven credibility scoring model for fake news detection combining three 

complementary components: subjectivity and polarity features from TextBlob, eight-dimensional emotion intensity profiles 

from the NRC Emotion Lexicon, and a contextual classification probability from a fine-tuned BERT-base-uncased model. 

The three signals are fused through a weighted formula calibrated by grid search on validation data, yielding a credibility 

score S₁ ∈ [0,1] that is both principled and interpretable. 

Experiments on FakeNewsNet demonstrate F₁ = 0.77 and AUC = 0.84, outperforming all evaluated baselines including 

standalone fine-tuned BERT (F₁ = 0.74). The ablation study confirms that the NRC emotion module provides the largest 

marginal gain, with anger, fear, and disgust identified as the most discriminative emotional markers. Cross-domain 

validation on LIAR (F₁ = 0.71 without retraining) confirms the robustness of the emotion signal across topical domains. 

Statistical analysis of NRC emotion profiles reveals that fake articles exhibit significantly higher anger, fear, and disgust 

levels, while real articles score higher on trust and anticipation, consistent with Plutchik's psychoevolutionary model [24] 

and prior literature [5, 22]. The model is computationally affordable and has been integrated into the EyeAndEars platform 

for deployment in the Cameroonian digital context. Its interpretability — the credibility score and emotion breakdown are 

human-readable — makes it suitable for supporting media literacy programmes in addition to automated flagging. 

Three future research directions are prioritised. First, extending the NRC lexicon to French, Fulfulde, and 

Camfranglais through cross-lingual transfer or direct crowdsourced annotation, to enable native deployment in the 

multilingual Cameroonian information ecosystem. Second, incorporating source-level credibility signals through automated 

web crawling to complement the text-level analysis, addressing factual verification beyond rhetorical style. Third, 

collecting and annotating a locally sourced Cameroonian fake news dataset to train and evaluate detection systems 

specifically tailored to the regional linguistic and cultural context. 
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