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Abstract
The proliferation of fake news makes preserving information integrity on the Internet essen-
tial, yetmost detectors learn opaque, model-specific representations. We introduce LSW-Net,
which represents a document as a one-dimensional linguistic signal whose amplitude at each
token is an explicit function of a part-of-speech prior, sentiment polarity and TF-IDF salience.
This signal is decomposed with a discrete wavelet transform (DWT; Daubechies db4, three
levels) into interpretable multi-resolution sub-bands that a bidirectional LSTM reads; in par-
allel, a denoising-autoencoder latent and a contextual sentence embedding are fused with the
BiLSTM state at the classification head. On the GonzaloA/fake_news benchmark LSW-Net
reaches 96.65% accuracy, 96.92% F1 and 0.994 AUC; on this lexically separable corpus it is
competitive with, but does not exceed, a TF-IDF + SVM baseline (98.2% accuracy), and an
ablation shows the wavelet channel adds no accuracy there. To test where the representation
matters, we add the PHEME rumour corpus under a leave-one-event-out protocol: on unseen
events the wavelet channel improves macro-F1 in six of eight events, and LSW-Net degrades
far less when moving from in-distribution to unseen-event evaluation (-29 macro-F1 points)
than the TF-IDF + SVM baseline (-37 points). LSW-Net thus trades a small amount of in-
distribution accuracy for a representation that is both inspectable and more robust to topic
shift. Code is publicly available at https://github.com/Ghaith-Alawady/lsw-net.

Keywords: Fake-news detection, Wavelet transform, Autoencoder, BiLSTM, Linguistic
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1. INTRODUCTION

The spread, and potential influence, of online disinformation (or ’fake news’) [1], is rapid enough to
potentially lead to panic, social polarization as well as a loss of trust within society, hence automatic
detection is important [2, 3].

While the standard approaches model either lexical content [4, 5] or propagation structure [6–8],
we can argue that the document also carries a latent signal whose multi-resolution structure can be
analyzed with the wavelet transform [9]. We combine this view with a strong semantic encoder
[10, 11]. Emotion [12], or temporal propagation [13], are among the new detectors identified in
TABLE 1.

Table 1: Comparison of the state-of-the-art work (accuracies are on the datasets shown and are not
directly comparable across datasets).

Ref. Method Problem
addressed

Dataset Acc. (%) Limitation

[6] Rumor2vec Joint text
+ propaga-
tion

Twitter / Weibo 85.2 /
95.1

Early-stage
sparsity; graph
complexity

[14] VRoC
(variational
AE)

Multi-task
classifica-
tion

Twitter 87.6 Limited inter-
pretability

[3] CSE-BiLSTM Veracity
verifica-
tion

PHEME 90.56 Compute-
intensive;
many
vectorizers

[12] SEMTEC
(emotion +
transformer,
2024)

Emotion-
driven
detection

PHEME 92.0 Needs emo-
tion/sentiment
tagging

[13] Temporal Tree
Transformer
(2025)

Propagation
+ temporal

PHEME 75.84 Needs
propagation
tree and
timestamps

(ours) LSW-Net Signal +
wavelet +
semantics

GonzaloA/fake_news96.65 Wavelet
gain is task-
dependent

(ours) LSW-Net
(cross-event)

Rumour
detection,
unseen
event

PHEME (9-event,
LOEO)

57.0
(macro-
F1)

Small in-
distribution
gain; robust to
topic shift

In summary, wemake the following contributions: (1) the formal definition of a linguistic signal and
its wavelet representation (Sec. 3); (2) an end-to-end architecture that incorporates both the wavelet
representation and contextual semantics; (3) an analysis of the results by performing a controlled
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evaluation on a standard dataset with strong baseline models and an ablation study; and (4) a per-
band effect size analysis. We discuss cases of improved performance with the wavelet channel. We
give background in Sec. 2, methods in Sec. 3, setup in Sec. 4, results in Sec. 5, and conclusions in
Sec. 6.

2. BACKGROUND AND RELATEDWORK

Early text-only detectors classify a post directly from its content. Text-fusion networks [4] and vari-
ational autoencoders [14], learn a joint latent representation, while pretrained transformer encoders
such as BERT and Sentence-BERT [10, 11] now dominate. Recent work extends this line with
memory-augmented transformer-graph hybrids [15], and long-range graph transformers for early
detection [16], and with large-language-model and multimodal detectors that combine text with
emotion, images or external knowledge [17–20]. These models report strong accuracy but entangle
feature extraction and classification in a single opaque, high-dimensional space.

A second line models how amessage spreads. Propagation- and graph-based methods [6–8], encode
the conversation tree or diffusion cascade, and knowledge- or homogeneity-aware graph networks
add external context and data augmentation [2, 5, 21–23]. Comment-sentiment CNN-LSTM detec-
tors [24], and multimodal memory networks [25], enrich the input further. Such structural signals
help, but require propagation graphs that are unavailable for isolated posts or at the earliest moments
of spread.

On the PHEME rumour corpus specifically, strong baselines include context-aware [1, 26], multi-
task [27], tree-structured [28], and conversation-structure models [29], edge-enhanced Bayesian
graph networks [30], and interpretable user-interaction attention [31]. These works establish the
leave-one-event-out protocol we adopt, under which memorised event vocabulary no longer helps
and genuine generalisation is measured.

Across all of these families, feature extraction and classification are learned jointly, so the evidence
behind a prediction is locked in an opaque latent space. Multi-resolution wavelet analysis [9], offers
exactly the inspectable, energy-localised viewwe need but has rarely been applied tomisinformation
text. LSW-Net brings this view to the task and, as our cross-event experiments show, is more robust
to topic shift than lexical baselines.

3. PROPOSED METHOD ANDMETHODOLOGY

3.1 Definition of the Linguistic Signal

For each token w_t with POS tag p_t, sentiment polarity s_t in [-1,1] and TF-IDF salience tau(w_t),
and a fixed POS-importance prior omega(p), the non-negative amplitude is:

𝑎𝑡=𝜔(𝑝𝑡 )(1 + |𝑠𝑡 |) (0.5+𝜏(𝑤𝑡 )) (1)
The linguistic signal is the ordered amplitude sequence, padded/truncated to length L and z-normalised:

𝑥= (𝑎1, . . . , 𝑎𝐿) ∈ R𝐿 ,
∼
𝑥 =

𝑥−𝜇𝑥

𝜎𝑥
(2)
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Definition (Linguistic signal). Given lexicon maps (omega, s, tau), the linguistic signal is the deter-
ministic length-normalised 1-D function of Eq. (1)-(2); every coordinate has an explicit linguistic
cause. Overall architecture and data flow of LSW-Net is given in Figure 1.

Figure 1: Overall architecture and data flow of LSW-Net.

3.2 Feature Extraction (Denoising Autoencoder)

A denoising AE [14], with encoder f and decoder g minimises the reconstruction error of a corrupted
input:

L𝐴𝐸=
1
𝑁

∑
𝑖



𝑥𝑖−𝑔( 𝑓 (𝑥𝑖+𝜀))∥2, 𝜀 ∼ N(0,𝜎2𝐼) (3)
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3.3 Wavelet Representation

A multilevel DWT (Daubechies db4, three levels) [9], yields coefficients and per-band energies:
FIGURE 2 illustrates an example document as a 1-D linguistic signal together with its wavelet
sub-bands.

𝑊 𝑗 ,𝑘=
∑
𝑛

∼
𝑥 [𝑛]𝜓 𝑗 ,𝑘 [𝑛],𝜓 𝑗 ,𝑘 [𝑛] =2− 𝑗/2𝜓(2− 𝑗𝑛−𝑘) (4)

𝐸𝑏=
∑
𝑘

𝑊2
𝑏,𝑘 (5)

Figure 2: A document as a 1-D linguistic signal (top) and its wavelet sub-bands (bottom).

3.4 Sequence Modelling, Fusion and Objective

A BiLSTM [32], reads the wavelet coefficient sequence:

[𝑖𝑡 , 𝑓𝑡 , 𝑜𝑡 ] =𝜎(𝑊 [ℎ𝑡−1, 𝑣𝑡 ]+𝑏),𝑐𝑡= 𝑓𝑡
⊙

𝑐𝑡−1+𝑖𝑡
⊙

tanh(𝑊𝑐 [ℎ𝑡−1, 𝑣𝑡 ]),ℎ𝑡=𝑜𝑡
⊙

tanh(𝑐𝑡 )
(6)

ℎ= [ℎ ( 𝑓 )𝐿 ; ; ℎ (𝑏)𝐿 ] (7)

The BiLSTM output is fused (residual concatenation) with the AE latent z and a contextual sentence
embedding e [11], and trained with a joint objective:

𝑢= [𝑒; ; 𝑧; ; ℎ],
ˆ
𝑦 =𝜎(𝑊𝑜𝑢+𝑏𝑜) (8)

L=BCE(
ˆ
𝑦, 𝑦)+𝜆L𝐴𝐸 (9)
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4. EXPERIMENTAL SETUP

4.1 Dataset

Weuse the public GonzaloA/fake_news dataset, a labelled dataset of real and fake English news arti-
cles [33]. We take a class-balanced sample of 10,000 articles (FIGURE 3) and keep only the first 150
tokens in each. The corpus can be found at https://huggingface.co/datasets/GonzaloA/fake_news.
It is divided by stratified sampling into three disjoint partitions of 6,500 training, 1,500 validation
and 2,000 test articles (65/15/20). All model selection, early stopping and decision-threshold tuning
are carried out on the validation partition only; the test partition is used exactly once, for the final
results reported in TABLE 2.

We additionally evaluate on the PHEME rumour corpus, a widely used benchmark of source tweets
drawn from nine real-world breaking-news events, comprising 6,425 tweets (4,023 non-rumour and
2,402 rumour). Because PHEME is class-imbalanced we report macro-F1 as the primary metric.
We use two protocols: a stratified 65/15/20 split repeated over five seeds, and a leave-one-event-out
protocol in which the model is trained on eight events and tested on the ninth; one event (ebola-
essien) lacks sufficient rumour examples to form a valid test fold and is excluded, leaving eight
evaluable events. This protocol prevents the event-vocabulary leakage that inflates random-split
scores on this corpus.

Figure 3: Class distribution of the sampled corpus.

4.2 Implementation and Evaluation Metrics

Linguistic features use spaCy. Semantic features concatenated are word/character TF-IDF reduced
with SVD and sentence embeddings (MiniLM) [11]. DWT is performed with pywavelets (db4,
3 levels, L=128) [9]. We optimize using Adam with class-weighted BCE and joint loss from Eq.
(9), using early stopping based on validation F1 score and a tuned threshold. We report accuracy,
precision, recall, F1, and the area under the ROC curve (AUC):
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Reproducibility details. The part-of-speech importance prior omega(p) in Eq. (1) takes the values
PROPN 1.0, NOUN 0.9, VERB 0.8, ADJ 0.7, ADV 0.6, NUM 0.5, PRON 0.3, ADP 0.2, DET 0.15,
CCONJ 0.15, X 0.1, PUNCT 0.05 and SPACE 0.0. The amplitude sequence is truncated to the first
150 tokens and then resampled and z-normalised to a fixed length L = 128 (Eq. 2). The DWT uses
Daubechies db4 with three levels. The denoising autoencoder has latent dimension 128 (hidden
256) with input corruption 0.1; the BiLSTM has hidden size 96, is single-layer and bidirectional,
with dropout 0.3. Training uses Adam (learning rate 1e-3, weight decay 1e-5), batch size 64, and
the joint objective of Eq. (9) with reconstruction weight lambda = 0.1. Model selection uses early
stopping on validation macro-F1 and the decision threshold is tuned on the validation partition only.
The full implementation is publicly available at https://github.com/Ghaith-Alawady/lsw-net.

Accuracy= 𝑇𝑃+𝑇𝑁
𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 ,Precision= 𝑇𝑃

𝑇𝑃+𝐹𝑃 ,Recall= 𝑇𝑃

𝑇𝑃+𝐹𝑁 (10)

𝐹1 =
2PrecisionůRecall
Precision+Recall

(11)

5. RESULTS AND DISCUSSION

The test results for the 65/15/20 news split are shown in TABLE 2. LSW-Net reaches 96.65%
accuracy, 96.92% F1 and 0.994 AUC. On this corpus, however, it does not lead: a TF-IDF + linear
SVM baseline attains 98.2% accuracy and 0.9833 F1, outperforming LSW-Net by 1.55 accuracy
points and 1.41 F1 points, and both ablations (no-wavelet, no-embeddings) also match or exceed
the full model. This corpus is highly separable by lexical content, so a bag-of-words classifier is
hard to beat and the wavelet channel adds no accuracy here. Section 5.2 therefore evaluates the
model on a corpus where lexical memorisation is prevented.

Table 2: Test results on the fake-news benchmark (stratified 65/15/20 split; 6,500 / 1,500 / 2,000
train/validation/test articles).

Model Acc. Prec. Recall F1 AUC
TF-IDF + LinearSVM 0.982 0.9888 0.9779 0.9833 -
TF-IDF + LogReg 0.97 0.9732 0.9714 0.9723 -
LSW-Net (no embeddings) 0.971 0.9707 0.976 0.9733 0.9943
LSW-Net (no wavelet) 0.9685 0.9785 0.9631 0.9707 0.994
LSW-Net (full) 0.9665 0.9678 0.9705 0.9692 0.994

5.1 Effect-Size Analysis of the Linguistic Signal

Each wavelet coefficient corresponds to one of these bands, and by the lexicon to a linguistic
cause, so that the class-level separation in the wavelet domain can be quantified. There is an L2
divergence of 0.8995 between the class-means (FIGURE 4), and the most discriminative sub-band
shows an effect size of Cohen’s d = -0.197 (FIGURE 5; TABLE 3). On this corpus the effect
sizes are negligible to small (|d|up to 0.197); consistent with the ablation in TABLE 2, the bulk
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of the discriminative power on fake-news text comes from the semantic backbone rather than the
linguistic-signal channel. The signal channel is particularly useful for humans as it shows where
the differences between classes lie.

Table 3: Per-band wavelet energy by class with effect size.
Wavelet band Class-1

energy
Class-0
energy

Rel. diff. Cohen’s d

band 0 19.2478 18.2567 5.4% 0.064
band 1 11.7166 12.5048 -6.3% -0.169
band 2 27.0018 28.453 -5.1% -0.197
band 3 70.0338 68.7576 1.9% 0.093

Figure 4: Mean linguistic signal by class.

Figure 5: Mean wavelet sub-band energy by class.
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Figure 6 - Figure 11 show the metric bargraph, confusion matrix, ROC and PR curves (AUC =
0.994), training history and PCA projection of the AE latent with distinct class separation.

Figure 6: Test metrics of LSW-Net.

Figure 7: Confusion matrix (tuned threshold).
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Figure 8: ROC curve.

Figure 9: Precision-recall curve.
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Figure 10: Validation accuracy/F1 and training loss per epoch.

Figure 11: PCA projection of the autoencoder latent by class.

5.2 Cross-Dataset Generalisation (PHEME)

The fake-news corpus above is separable by surface lexical cues, so it cannot reveal whether the
linguistic-signal representation captures anything beyond word occurrence. We therefore evaluate
on PHEME under the two protocols of Section 4.1. TABLE 4 reports the random-split results over
five seeds. All methods cluster near 0.86 macro-F1; LSW-Net (full) is statistically indistinguishable
from its no-wavelet ablation (Wilcoxon p = 0.06) and from the TF-IDF + SVM baseline (p = 0.44).
In distribution, therefore, the wavelet channel is neutral, consistent with the news result.
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Table 4: PHEME random-split results (stratified 65/15/20; mean ± standard deviation over five
seeds). Differences among the leading methods are not statistically significant.

Model Accuracy macro-F1
LSW-Net (full) 0.871 ± 0.008 0.863 ± 0.007
LSW-Net (no wavelet) 0.877 ± 0.005 0.869 ± 0.005
LSW-Net (no embed-
dings)

0.867 ± 0.010 0.859 ± 0.011

TF-IDF + Linear SVM 0.875 ± 0.007 0.866 ± 0.008
TF-IDF + LogReg 0.868 ± 0.007 0.860 ± 0.007

The leave-one-event-out results in TABLE 5 tell a different story. When the test event is unseen, the
TF-IDF + SVM baseline collapses from 0.866 to 0.496 macro-F1, a drop of 37 points, because it can
no longer rely on event-specific vocabulary. LSW-Net (full) degrades far less, from 0.863 to 0.570
(29 points), and outperforms the baseline by 7.5macro-F1 points. Crucially for our central claim, the
full model improves over its no-wavelet ablation in six of the eight evaluable events (FIGURE 12),
and the improvement is significant by McNemar’s test in three of them (germanwings-crash p =
0.03, ottawa-shooting p < 0.001, prince-toronto p = 0.008) and significantly worse in none. The
aggregate advantage over eight folds is consistent in direction (+2.2 macro-F1 points) though not
itself significant given only eight folds (Wilcoxon p = 0.25).

Table 5: PHEME leave-one-event-out results (macro-F1) with the score drop from the random split.
LSW-Net degrades least on unseen events.

Model Random macro-
F1

LOEO macro-F1 Drop (pts)

LSW-Net (full) 0.863 0.570 29.3
LSW-Net (no
wavelet)

0.869 0.549 32.0

TF-IDF + Linear
SVM

0.866 0.496 37.0

TF-IDF +
LogReg

0.860 0.531 32.9

FIGURE 13 summarises this robustness: the linguistic-signal model loses the least macro-F1 when
moving from in-distribution to unseen events. A capacity analysis (reducing the wavelet BiLSTM
from 96 to 16 hidden units) did not produce a significant in-distribution gain either (Wilcoxon p =
0.63), confirming that the value of the wavelet channel lies specifically in cross-event generalisation
rather than in raw accuracy. Taken together, LSW-Net trades a small amount of in-distribution
accuracy for a representation that is both inspectable and more robust to topic shift, and helps
precisely where lexical memorisation fails rather than in raw in-distribution accuracy.
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Figure 12: Leave-one-event-out macro-F1 for each held-out PHEME event. LSW-Net (full)
improves over its no-wavelet ablation in six of eight events.

Figure 13: Robustness to unseen events: macro-F1 drop from the random split to leave-one-event-
out. The linguistic-signal model degrades least.

6. CONCLUSION AND FUTUREWORK

We present LSW-Net, which builds a linguistically weighted signal (Eq. 1-2), decomposes it with a
wavelet transform (Eq. 4-5), and fuses a BiLSTM over the sub-bands with a denoising-autoencoder
latent and a sentence embedding (Eq. 6-9). On the GonzaloA/fake_news benchmark it reaches
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96.65% accuracy and 0.994 AUC, competitive with but not exceeding a TF-IDF + SVM baseline
on that lexically separable corpus. On the PHEME rumour corpus the picture changes: under a
random split all methods score near 0.86 macro-F1 and the wavelet channel is neutral, but under
a leave-one-event-out protocol LSW-Net attains 0.570 macro-F1 versus 0.496 for TF-IDF + SVM
and improves over its no-wavelet ablation in six of eight unseen events, degrading by 29 rather
than 37 macro-F1 points from in-distribution to unseen-event evaluation. The wavelet channel
therefore contributes robustness to topic shift and an inspectable representation rather than raw
in-distribution accuracy. Future work will extend the signal to document-level dynamics and test
band-level prediction attribution.

7. DATA AVAILABILITY AND DISCLOSURES

Data availability: The GonzaloA/fake_news dataset is publicly available (see Section 4.1) and the
PHEME rumour corpus is publicly available from its original release. The code, figures and metrics
are publicly available under the MIT license at https://github.com/Ghaith-Alawady/lsw-net. Ethics:
no human subjects are involved as the paper uses public datasets. Conflicts of interest: the authors
declare none. Funding: none. AI-use disclosure: AI assistance was used for code, drafting and
figures; all results and final text were verified by the authors.
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Abbreviations

Abbr. Meaning Abbr. Meaning
LSW-Net Linguistic-Signal Wavelet Network AE Autoencoder

DWT DiscreteWavelet Transform
LSTM Long Short-Term Memory BiLSTM Bidirectional LSTM
TF-IDF Term Frequency-Inverse Document

Frequency
SVD Singular Value Decomposi-

tion
SVM Support Vector Machine POS Part-of-Speech
BCE Binary Cross-Entropy AUC Area Under the ROC Curve
ROC Receiver Operating Characteristic PR Precision-Recall
F1 Harmonic mean of precision and

recall
PCA Principal Component Anal-

ysis
Abbreviations used throughout this paper.
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Glossary of Terms

Term Meaning
Fake news A news article containing false or misleading information presented as

legitimate journalism.
Linguistic signal The 1-D numeric sequence defined in Eq. (1)-(2): reading a document

token by token and emitting, for each token, an amplitude set by its POS,
term salience and sentiment.

Wavelet sub-band A frequency/resolution component produced by the DWT: the approxima-
tion band (coarse trend) and the detail bands (fine, local variation).

Autoencoder A neural network that compresses an input to a latent code and reconstructs
it.

Cohen’s d A standardised effect size measuring the separation between two groups’
means in units of pooled standard deviation; |d|<0.2 negligible, 0.2-0.5
small, 0.5-0.8 medium.

Meaning of key terms and phrases used in this paper.
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