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Research Motivation

A crucial aspect of a rumor detection model is its ability to generalize, particularly its 
ability to detect emerging, previously unknown rumors. Past research has indicated that 
content-based (i.e., using solely source post as input) rumor detection models tend to 
perform less effectively on unseen rumors. At the same time, the potential of 
context-based models remains largely untapped. The main contribution of this paper is in 
the in-depth evaluation of the performance gap between content and context-based 
models specifically on detecting new, unseen rumors. Our empirical findings demonstrate 
that context-based models are still overly dependent on the information derived from the 
rumorsʼ source post and tend to overlook the significant role that contextual information 
can play. We also study the effect of data split strategies on classifier performance. Based 
on our experimental results, the paper also offers practical suggestions on how to 
minimize the effects of temporal concept drift in static datasets during the training of 
rumor detection methods. 

2



Example
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Main Contribution

 • Empirical proof (§ 4.1 & 5) that despite having additional contextual information, rumor detection models still 
struggle to detect unseen rumors appearing at a future date, with some models performing even worse than 
random baselines (see Table 3).

 • An ablation study (§ 5.3) that removes source posts from the inputs, revealed that current rumor detection 
approaches rely excessively on information from the source post, while neglecting the contextual information.

 • A follow-up similarity analysis (§ 5.4) on content and context-based features, which elucidates the impact of 
training/test split strategies on model performance.

 • Finally, we focus on the issue of effectively utilizing static datasets for rumor detection by providing practical 
recommendations (§ 6), such as implementing additional cleaning measures for the static dataset and 
enhancing the current evaluation metrics.
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Data

 •  Twitter 15 & Twitter 16 (Ma et al., 2017) are two English datasets that include tweets categorized 
into one of four categories: True Rumor (T), False Rumor (F), Non-rumor (NR) and Unverified Rumor 
(U).

 • Weibo 16 (Ma et al., 2017) consists of 4,664 Weibo posts in Chinese. It comprises 2,313 false rumors 
debunked by the official Weibo Fact-checking Platform and 2,351 non-rumors sourced from 
mainstream news sources.

 • Weibo 20 (Rao et al., 2021) is a Chinese rumor detection dataset similar to Weibo 16. It provides 
3,034 non-rumors and 3,034 false rumors from the same Weibo fact-checking platform as Weibo 16.

 • Sun-MM (Sun et al., 2021) comprises 2,374 annotated tweets (i.e., rumor or non-rumor) that cover 
both textual (i.e., source post) and visual (i.e., image) information. It is typically used for multi-modal 
rumor detection.
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Models

SVM-HF (Source Post + User Profile) Similar to (Yang et al., 2012; Ma et al., 2015), we use a linear SVM model using source posts 
represented with TF-IDF and various handcrafted features extracted from user profile attributes e.g., number of followers, account status (i.e., 
whether a verified account or not), number of historical posts, etc.

BERT (Source Post) In line with previous work (Rao et al., 2021; Tian et al., 2022), we use solely source posts as input to fine-tune the 
Bert-base model55We use bert-base-uncased and bert-base-chinese models from Hugging Face (Wolf et al., 2020) for English and Chinese 
datasets respectively. (Devlin et al., 2019) by adding a linear layer on top of the 12-layer transformer architecture with a softmax activation. 
We consider the special token ‘[CLS]’ as the post-level representation.

Bi-GCN (Comment Network) To model the network of comment propagation, we use Bi-Directional Graph Convolutional Networks (Bi-GCN) 
(Bian et al., 2020). Bi-GCN employs two separate GCNs with (i) a top-down directed graph representing rumor spread to learn the patterns of 
rumor propagation; and (ii) another GCN with an opposite directed graph of rumor diffusion.

Hierarchical Transformers (Source Post + Comment Sequence) Similar to prior work (Rao et al., 2021; Tian et al., 2022), we use a 
hierarchical transformer-based network to encode separately the source post and its sequence of comments.66Given that the total number of 
tokens of the source post and all comments exceeds the maximum input length (i.e., 512 tokens) of most Bert-style models. We then add a 
self-attention and a linear projection layer with softmax activation to combine the hidden representation of posts and comments.

Hybrid Vision-and-Language Representation (Source Post + Image) We use visual 
transformer77https://huggingface.co/google/vit-base-patch16-224 (ViT) (Dosovitskiy et al., 2020) and BERT (Devlin et al., 2019) to represent 
images and source posts of rumors for the Sun-MM dataset. We then combine the two hidden representations by adding a fully connected 
layer with softmax activation for rumor classification. 6
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Data Splits

 • Forward Chronological Splits For each dataset, we initially sort all rumors chronologically, from 
the oldest to the newest. We then divide them into three subsets: a training set (containing 70% of 
the oldest rumors), a development set (10% of the rumors that were posted after those in the 
training set but before those in the test set), and a test set (containing the 20% most recent rumors). 
This data split strategy allows the model to be trained and fine-tuned on older rumors and then be 
evaluated on the most recent ones.

 • Backward Chronological Splits In contrast, here all rumors are sorted starting from the most 
recent ones to the oldest ones, and then are split in the same way as the forward chronological 
splits. This allows the model to be trained on the newest rumors and evaluated on the oldest ones.

 • Random Splits This is the most commonly adopted data split strategy in prior work. All datasets 
are divided into three subsets using a stratified random split approach
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Data Splits
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Figure 2: An example of using forward and backward chronological data splits 
on Weibo 20 dataset (including rumors from 2016 to 2020). There is no 
overlap among the three subsets.



Results
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Discussion

Model Performance on Random Splits

The experimental results for all rumor detection approaches and data split strategies are shown in Tables 3 and 4. We can 
observe that training on random splits always leads to significant overestimation (t-test, p < 0.01) of model accuracy as 
compared to training on both forward and backward chronological splits.

Taking the best performing Bi-GCN model on Twitter 15 as an example, we observe a decrease in model accuracy of at least 
39.4% when comparing test results on random splits against the two chronological splits. Furthermore, we find that some models 
(e.g., SVM-HF and Bi-GCN on Twitter 15) perform even worse than a weak baseline (e.g., the F1-measure results for the false 
rumor category (F) across two chronological splits in comparison with the weak baseline) that uses random predictions. As 
expected, our empirical findings align with previous studies of temporal impact in other downstream NLP tasks (Huang and Paul, 
2019; Chalkidis and Søgaard, 2022; Mu et al., 2023b).

The results indicate that models learn to classify accurately rumor posts in the test set only when they are highly similar to posts 
in the training data, even though the remaining contextual information (such as user profile attributes, comments, and sometimes 
images) are different. To further investigate the impact of this semantic overlap, we conduct an ablation study (Section 5.3) and a 
similarity analysis (Section 5.4).
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Discussion

Forward v.s. Backward Chronological Splits
Our experimental results show that models trained using backward chronological splits achieve 
higher accuracy on all datasets (except Weibo 16) as compared to those on forward chronological 
splits. This suggests that the models have the tendency to learn recurrent rumors. This observation is 
consistent across datasets. For instance, the accuracy of all models on the Twitter 16 dataset is 
higher when random splits are used for training as compared to forward splits, but lower when 
compared to backward splits. This may be attributed to similarities between the training and test sets. 
This is investigated further in Section 5.4.
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How do we properly use static datasets?

we make the following practical suggestions for developing new 
rumor detection systems on static datasets:

For practical applications that aim to detect unseen rumors, it is 
essential to consider chronological splits when evaluating all rumor 
detection approaches on static datasets, in addition to standard 
random splits. By using forward and backward chronological splits, 
we can assess the ability of the rumor classifiers to handle both 
earlier and older unseen rumors.
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How do we properly use static datasets?

Considering that temporalities (i.e., the temporal concentration of rumor topics) 
typically occur in widely used rumor detection datasets (e.g., Twitter 15&16 and 
Weibo 16 (Ma et al., 2016, 2017)), one can apply an additional data pre-processing 
measure to filter out rumor events with multiple posts. For instance, using 
out-of-the-box methods such as Levenshtein distance (Levenshtein et al., 1966) 
and BERTopic (Grootendorst, 2022), we identified a total of 9 similar rumors that 
resemble the false rumor depicted in Figure 1. After conducting a more in-depth 
error analysis on the predictions generated by the H-Trans model, which has 
demonstrated the highest predictive performance on Weibo 16, we discovered that 
the models can accurately classify all of these rumors in the test set when 
employing random data splits.
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How do we properly use static datasets?

Current evaluation metrics, such as accuracy and F1-measure, are unable to 
accurately assess the true capability of rumor classifiers in detecting unseen 
rumors. Therefore, there is a need for new measures to evaluate the accuracy of 
model predictions for unknown rumors. For example, one can calculate the 
accuracy of a rumor detection system by excluding known rumors (i.e., similar 
rumors appearing in the training set) from the test set. 
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How do we properly use static datasets?

Given the limitations of the current pipeline that relies solely on static datasets, 
we argue that evaluation models should not be restricted to such datasets. By 
leveraging the consistent format of datasets collected from the same platform 
(as shown in Table 1), for example, one can explore broader temporalities by 
training a rumor classifier on Twitter 15 and evaluating its performance on 
Twitter 16. This protocol enables a more comprehensive examination of the 
generalizability of rumor detection systems, which is crucial for their practical 
applications in the real world (Moore and Rayson, 2018; Yin and Zubiaga, 
2021; Kochkina et al., 2023).
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