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Abstract
Short video platforms have become an important channel for
news sharing, but also a new breeding ground for fake news.
To mitigate this problem, research of fake news video detec-
tion has recently received a lot of attention. Existing works
face two roadblocks: the scarcity of comprehensive and large-
scale datasets and insufficient utilization of multimodal in-
formation. Therefore, in this paper, we construct the largest
Chinese short video dataset about fake news named FakeSV,
which includes news content, user comments, and publisher
profiles simultaneously. To understand the characteristics of
fake news videos, we conduct exploratory analysis of FakeSV
from different perspectives. Moreover, we provide a new mul-
timodal detection model named SV-FEND, which exploits
the cross-modal correlations to select the most informative
features and utilizes the social context information for de-
tection. Extensive experiments evaluate the superiority of the
proposed method and provide detailed comparisons of differ-
ent methods and modalities for future works. Our dataset and
codes are available in https://github.com/ICTMCG/FakeSV.

Introduction
With the prevalence of short video platforms (e.g., Tiktok),
they have become an important channel for news sharing
(Walker and Matsa 2021). Besides professional news outlets,
ordinary users also upload news videos happening around
them. However, this openness have led to such platforms be-
coming a new breeding ground for fake news. Video modal-
ity is more powerful in spreading fake news than other
modalities, and thus will exacerbate the influences of fake
news (Sundar, Molina, and Cho 2021). Therefore, studying
video-form fake news is important for detecting and inter-
vening the spread of fake news in a timely manner.

Fake news videos refer to those that the video content and
title jointly describe a piece of news that is verifiably false.
Compared with traditional text-based or text-image fake
news detection, fake news video detection presents unique
challenges: First, video-form fake news has more modali-
ties and thus more information. We need to select the most
informative clues from multiple modalities and fuse hetero-
geneous information to understand the news content and
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(a) (b)

Figure 1: Typical cases of fake news videos. Figure (a)
shows a fake news video of which the content of some
frames have been tampered. The spliced region is marked
in red line. (b) shows a fake news video that is contextually
inappropriate, where the comments provide key clues.

detect fake news. Second, different from traditional video
platforms such as YouTube, short video platforms provide
advanced video-editing functions (e.g., text box and virtual
background) for users to conveniently modify the videos. It
weakens the discriminability of the visual content in measur-
ing its truthfulness as both fake and real news videos could
be modified and exhibit editing traces. Moreover, fake news
videos typically contain real news videos where only some
frames or the accompanying titles have been maliciously
modified to alter their meanings (as shown in Figure 1). All
these characteristics make it inadequate to study fake news
videos from news content only. Thus, we need to explore
auxiliary social context information, such as user comments
(Shu et al. 2019a) (as shown in Figure 1(b)) and user profiles
(Shu, Wang, and Liu 2018), to help the detection.

Most works studying fake news focus on text-based or
text-image fake news, while few works pay attention to
video-form fake news. There are two major limitations
of existing works: 1) Dataset: Although there are several
datasets for fake news video detection, the majority of them
are constructed on traditional video platforms and contain
only a few hundred instances, and none of them provides in-
formation on news content, user comments, and user profiles
simultaneously. Further, the lack of comprehensive datasets
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with rich modalities hinders the fair comparisons of existing
works that use different modalities for detection. 2) Detec-
tion methods: Most works targeting video-based fake news
detection are still in the preliminary stage of hand-crafted
features. Additionally, none of them considers all modalities
and thus inevitably misses some important clues.

To bridge the gap of fake news video datasets, we pro-
pose a large-scale Chinese Fake News Short Video dataset
(FakeSV for short) that includes both complete news con-
tent and rich social context. The abundant features in this
dataset not only provide an opportunity to evaluate differ-
ent approaches for fake news detection, but also help un-
derstand the diffusion of fake news and its intervention. To
study the characteristics of fake news videos, we compre-
hensively conduct exploratory analysis of FakeSV from dif-
ferent perspectives including the multimodal news content,
social context, and propagation, which could shed light on
detection strategies.

To tackle the challenges of fake news video detection,
we propose a multimodal model named SV-FEND (Short
Video FakE News Detection) as a new baseline on FakeSV.
The proposed model utilizes the co-attention mechanism to
enhance the multimodal content representations by spotting
the important features, and fuses them with the social con-
text features by the self-attention mechanism. We conduct
extensive experiments comparing the proposed model and
existing baseline methods on FakeSV. The results validate
the superiority of SV-FEND and provide detailed insights of
different methods and modalities for future works.

Our contributions are summarized in three aspects:

• We construct the largest Chinese fake news short video
dataset, namely FakeSV. This dataset contains complete
news contents and rich social context, and thus can sup-
port a wide range of research tasks related to fake news.
We also provide in-depth statistical analysis.

• We provide a new multimodal baseline method SV-
FEND that captures the multimodal correlations to en-
hance the news content representations and utilizes the
signals of social context to help the detection.

• We conduct extensive experiments with the proposed
model and existing SOTA methods on FakeSV, which
validate the superiority of the proposed method and
provide detailed comparisons of different methods and
modalities for future works.

Related Work
Datasets. As video-form fake news has drawn increasing
attention, there have been efforts in constructing datasets
to detect fake news videos. Table 1 summarizes existing
datasets in aspects of richness of features, size, domain, lan-
guage and sources. Because annotators need to spend more
time to watch and understand the video content, video-form
fake news datasets are typically smaller than text-based and
text-image datasets (Murayama 2021), e.g., 5 of 7 datasets
only contain less than 1000 instances. Moreover, most of
the small-scale datasets provide limited features and only fo-
cus on one domain. Thus they are not suitable to study fake

news especially in developing detection models that gener-
alize well to new domains. In particular, Papadopoulou et al.
(2018) build the largest video-form fake news dataset. They
first annotate an initial set of 380 videos and then collect
related videos by searching the multi-lingual titles of these
seed videos on YouTube, Tweet, and Facebook. This dataset
provides information about the news content and user com-
ments. However, these videos are collected from traditional
video platform and social medias where editions of videos
are not as prevalent and deep as those on emerging short
video platforms, and thus could not reflect the latest chal-
lenge in fake news video detection. In addition, the publisher
profiles are ignored in this dataset.

Techniques. Far behind text-image fake news detection
where many well-designed neural networks have been pro-
posed to model different types of text-image correlations
(Qi et al. 2021), most works oriented for video-based fake
news detection are still in the preliminary stage of hand-
crafted features. As the first work of detecting fake news
videos, (Papadopoulou et al. 2018) build an SVM classifier
over features based on the video metadata, title linguistics,
and comment credibility. (Medina et al. 2020) use the tf-idf
vectors of title and comments, and comments conspiracy to
make a classification. (Hou et al. 2019) firstly import emo-
tion acoustic features and (Li et al. 2022) convert audio into
text to extract linguistic features. Inspired by the rapid de-
velopment of deep neural networks, (Palod et al. 2019) use
LSTM to model the comment features and concatenate them
with hand-crafted features. (Choi and Ko 2021) propose a
well-designed model that uses pre-trained models to extract
features of video frames, title, and comments. The difference
in topic distribution between title and comments is used to
fuse these two modalities and a topic-adversarial classifica-
tion is used to guide the model to learn topic-agnostic fea-
tures for good generalization. (Shang et al. 2021) use the
extracted speech text to guide the feature learning of visual
frames, use MFCC (Palo, Chandra, and Mohanty 2018) fea-
tures to enhance the speech text, and then use a co-attention
module to fuse the visual and speech information.

Although existing works have made some achievements
in fake news video detection, they only utilize partial modal-
ities that is available in the experimental dataset for detec-
tion, which inevitably misses some important clues. More-
over, as these methods are evaluated on different datasets,
there is a lack of an effective comparison between them.
Therefore, in this work, we propose a new multimodal de-
tection model which considers all the involved modalities
and reimplement these representative baseline methods on
the proposed FakeSV dataset for a fair comparison.

Dataset Construction
Next, we describe the construction process of the FakeSV
dataset as shown in Figure 2.

Data Collection
To get as much fake news as possible and collect reliable
ground truth labels for fake news, we utilized fact-checking
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Dataset Features Instances Domain Language Source
Video Title Metadata Comment User (fake/real)

(Papadopoulou et al. 2018) ✓ ✓ ✓ ✓ 2,916/2,090 - En,Fr,Ru,
Ge,Ar

YT,TW,
FB

(Palod et al. 2019) ✓ ✓ ✓ ✓ 123/423 - En YT

(Hou et al. 2019) ✓ ✓ 118/132 prostate
cancer En YT

(Medina et al. 2020) ✓ ✓ ✓ 113/67 COVID-19 En YT
(Choi and Ko 2021) ✓ ✓ ✓ 902/903 - En YT
(Shang et al. 2021) ✓ ✓ 226/665 COVID-19 En TT
(Li et al. 2022) ✓ ✓ 210/490 health Ch BB
FakeSV (ours) ✓ ✓ ✓ ✓ ✓ 1,827/1,827 - Ch DY, KS

Table 1: Summary of datasets of fake news video detection. Metadata refers to basic statistics such as # of likes/stars/comments.
“-” represents open-domain. Names of sources are abbreviated for simplicity (YT: YouTube, TW: Twitter, FB: Facebook, TT:
TikTok, BB: Bilibili, DY: Douyin, KS: Kuaishou).

Figure 2: Flowchart of data construction process.

Category Fileds
Content video, cover image, title, published time
Response # of likes/stars/comments, top 100 comments

(with reviewed time, # of likes and # of sub-
comments)

Publisher info verified, info introduction, current IP loca-
tion, # of fans/subscribes/likes/videos and top
100 published videos’ covers

Table 2: Crawled fields in FakeSV.

websites to obtain the target events. We crawled debunk-
ing articles from several official fact-checking sites between
January 2019 and January 2022. Articles without the word
“video” were dropped to increase the recall of retrieving
video-form fake news. To summarize news events from
abundant fact-checking articles, we designed heuristic reg-
ular expressions to extract key sentences and removed du-
plicate news events using K-means clustering based on sen-
tence representations of BERT (Devlin et al. 2019). Then we
paraphrased these key sentences in more general forms and
finally obtained 854 event descriptions as search queries.
Thereafter, we crawled relevant videos from two popular
short video platforms1 in China, i.e., Douyin (the equivalent
of TikTok in China) and Kuaishou. Besides video contents,
we also crawled user responses and publisher profiles2 as
shown in Table 2.

1douyin.com, kuaishou.com
2Note that we only crawled the public information of the

video’s publisher for privacy reasons.

(a) Event (b) Year

Figure 3: Distribution of FakeSV on event and year.

Data Annotation and Statistics
Although the searched queries are related to fake news that
has been debunked, the retrieved videos are not always
fake news videos. Therefore, we manually annotated 11,603
videos shorter than five minutes. The annotators were re-
quired to classify the given video into fake, real, debunked,
and others (including useless and unverifiable videos). Af-
ter balanced sampling, we ended up with 1,827 fake news
videos, 1,827 real news videos, and 1,884 debunked videos
under 738 events. Figure 3 shows the event and time distri-
bution on the three classes of these videos. Additionally, the
percentage of real and fake news videos with comments is
75% and 68% respectively.

Data Analysis
To reveal the different behaviors between fake and real news
videos, we provide some exploratory analyses from three
perspectives, i.e., news content, social context and propaga-
tion, to offer insights for detection.

News Content
Text. Text is the dominant modality to detect fake news in
the literature (Shu et al. 2017). We observe that fake news
videos have shorter and more empty titles providing less
information compared with real news. The word cloud of
video titles in Figure 4 shows that fake news titles emphasize
the word “video” much, prefer emotional and spoken words,
and cover diverse topics. Differently, real news videos use
more journalese and focus more on accidents and disasters.
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(a) Fake (b) Real

Figure 4: Word cloud of video titles.

(a) Video frame quality.
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Figure 5: Multimodal analysis.

Video. Image quality is considered to reflect originality
and thus is used as an effective clue in text-image fake news
detection (Qi et al. 2019; Cao et al. 2020). Following their
work, we employ NIQE (Mittal, Soundararajan, and Bovik
2012) on video frames to indirectly measure video quality.
Figure 5(a) shows that fake news videos have lower qual-
ity than real news and contain videos with particularly poor
quality.

Audio. Emotion plays an important role in detecting fake
news, and the emotional signals exist in the news text, news
images or user responses (Zhang et al. 2021). Naturally, we
analyze the speech emotion by the pre-trained wav2vec2
model (Baevski et al. 2020). Figure 5(b) shows that the
speech in fake news videos shows more obvious emotional
preferences than real news.

Social Context
Publisher Profiles. User profiles on social media have
been shown to be correlated with fake news (Shu, Wang,
and Liu 2018). As Figure 6(a) shows, most publishers of real
news are verified accounts while most fake news publishers
are not. Also, Figure 6(b) shows the average value of each
user attribute after normalization. We could see that fake
news publishers have more “consuming” behaviors (sub-
scribes) and less “creating” behaviors (published videos, re-
ceived likes, and fans) than real news publishers.

User Responses. We use the number of likes as an exam-
ple to analyze user responses to fake and real news. Fig-

83%

16% 27%

71%

Verified
Institution

Verified
Person

Not Verified

Real
Fake

(a) Authority

#Fans

#Subscribe

#Videos

#Received Likes

Fake
Real

(b) Statistics

Figure 6: Publisher’s profile.

(a) Number of likes (b) Relationship between the
number of publisher fans and
likes.

Figure 7: User responses.

ure 7(a) shows that real news videos receive more likes than
fake news, which is intuitive considering that real news pub-
lishers have more fans. To exclude the impact of account
exposure, we analyze the relationship between the number
of likes and the publisher’s fans in Figure 7(b). We find that
fake news videos receive more likes than real news when
their publishers have a similar number of fans, which il-
lustrates that fake news videos are more attractive than real
news. In addition, the content of comments is also indicative
in detecting fake news benefiting from crowd intelligence.
According to our statistics, 18% fake news videos receive
doubtful comments (e.g., “Really?” and “Fake!”) while the
ratio is only 4% for real news.

Propagation
Temporal Distribution. To study the effect of debunking
videos in preventing the propagation of fake news, we vi-
sualize their published time and find that fake news that
has been previously debunked can still spread; this further
highlights the importance of automatic detection of fake
news videos. According to our statistics, for 434 events
with debunking videos, 39% of them have fake news videos
emerged after the debunking videos were posted, especially
the current or long-standing hot events. For example, as Fig-
ure 8(a) shows, the fake and debunking videos always oc-
curred during the period of the mid-autumn festival (around
September).

Video Duplication. Different from traditional social me-
dias, there is no explicit propagation behaviors like retweet-
ing on short video platforms. With the convenience of video
editing functions provided by these platforms, people tend
to edit and re-upload the videos, usually with no mention
of the source. Therefore, we employ the pHash cluster algo-
rithm (Klinger and Starkweather 2008) on the cover images
to indirectly analyze the video duplication. As Figure 8(b)

Mid-autumn WeChat red
envelops have viruses.

(a) Temporal distribution in an event.

94%

6%

74%

18%

4%4%
Fake
Real

(b) Video duplication.

Figure 8: Propagation analysis.
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Figure 9: Architecture of the proposed framework SV-
FEND.

shows, fake news videos have higher repetition while real
news videos are more diverse. This phenomenon is due to
the fact that real events will receive various images/videos
taken by different witnesses (Jin et al. 2017b).

Method
Model Overview
Figure 9 illustrates the overall architecture of the proposed
SV-FEND. In order to model the diverse characteristics of
the input news video, we first extract features of multiple
modalities, including the text, audio, keyframes, video clips,
comments, and user. Next, we employ two cross-modal
transformer layers to model the correlations between the text
and the audio and keyframes. Another transformer layer is
further used to dynamically fuse the multimodal features of
news content and social context for the final classification.

Multimodal Feature Extraction
Title&Transcript. For video-form news, the embedded
text in the video is usually more complete than the title of
which the length is limited. Therefore, we extract the video
transcript and concatenate it with the title. The composed
text is further fed into the pre-trained BERT to extract the
textual features HT = [w1, ...,wl], where wi represents
the feature of the i-th word and l is the text length.

Audio. As a new imported modality compared to the text-
image fake news, the audio modality includes speech, en-
vironment sound, and background music. Thus it provides
not only semantics but also distinctive information in under-
standing the emotion of speakers and even the intent of the
publisher. Specifically, we split the audio from the original
video, and then use the pre-trained VGGish model (Hershey
et al. 2017) to extract the audio features HA = [a1, ...,an],
where n is the number of audio frames.

Video. We represent a video both at the frame and clip
levels to obtain spatiotemporal and multi-granularity infor-
mation for detection (Wu et al. 2015). Taking Fig. 1(a) as

an example, tampered and untampered regions have incon-
sistent compression rates (frame level) and motion trajecto-
ries (clip level). At the frame level, we use the pre-trained
VGG19 (Simonyan and Zisserman 2015) model to extract
the static visual feature HI = [i1, ..., im], where m is the
number of frames. We also take 16 subsequent frames cen-
tered at each time step as a video clip, and use the pre-trained
C3D model (Tran et al. 2015) to extract the motion features
HV = [v1, ..., vm]. An average operation is applied to ob-
tain the aggregated motion feature xV .

Comments. Similar to text modality, we use the pre-
trained BERT to extract the features of each comment, that
is HC = [c1, ..., ck], where k is the number of comments.
Moreover, we use the number of likes to measure the im-
portance of each comment. Specifically, the feature of com-
ments is computed as:

xC =
k∑

j=1

lj + 1∑k
j=1 lj + k

cj , (1)

where lj is the number of likes towards the j-th comments.

User. We concatenate the self-written and verified intro-
duction of the publisher and feed it into the pre-trained
BERT. The embedding of the [CLS] token is extracted as
the user features xU .

Multimodal Feature Fusion
The correlations between different modalities could help un-
derstand video semantics. For example, the acoustic char-
acteristics of the audio modality often contain useful hints
(such as adjusting the volume and tone) in capturing the key
information in the speech text. The text could help select
important ones from complex visual frames, and vice versa.
Therefore, we use two cross-modal transformers to model
the mutual enhancement between text and other modalities.

The first cross-modal transformer in Figure 9 takes the
textual feature HT and the audio feature HA as input, and
the audio-enhanced textual feature is further fed into the
second cross-modal transformer to interact with the frame
feature HI . Specifically, we use a two-stream co-attention
transformer like (Lu et al. 2019) to process the multimodal
information simultaneously, where the queries from each
modality are passed to the other modality’s multi-headed at-
tention block. Finally, we obtain the textual feature enhanced
by audio and visual frames HT←A,I , text-enhanced audio
feature HA←T , and text-enhanced frame feature HI←T . We
average them and then obtain the features xT ,xA, and xI .

Till now, we have extracted six features to represent the
input video from different perspectives, and used two cross-
modal transformers to model the correlations between dif-
ferent modalities in news content. Thereafter, we utilize self-
attention (Vaswani et al. 2017) to model the correlations be-
tween features from news content and social context. Specif-
ically, we concatenate the obtained six features into a feature
sequence and feed it into a standard transformer layer, finally
obtaining the multimodal fused feature xm.
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Modality Data Method Acc. F1 Prec. Recall
M hc feas+SVM 67.98±1.12 67.92±1.15 68.11±1.08 67.98±1.12

hc feas+SVM 64.27±2.08 64.15±2.14 64.63±2.27 64.41±2.23Social C BERT+Att 62.87±3.52 60.62±6.91 63.33±4.57 62.13±4.99
hc feas+SVM 70.22±2.10 70.31±2.21 70.37±2.18 70.33±2.20

Text-CNN 74.66±2.31 74.62±2.30 74.79±2.41 74.66±2.31Text T&Tr
BERT 76.82±3.33 76.80±3.34 76.89±3.33 76.82±3.33

VGG19+Att 69.40±2.64 69.33±2.57 69.64±2.89 69.40±2.64F Faster R-CNN+Att 70.69±2.80 70.58±2.76 71.03±2.99 70.69±2.80Visual
V C3D+Att 69.05±1.71 68.93±1.66 69.36±1.87 69.05±1.71

emo feas+SVM 60.64±1.22 60.61±1.24 60.67±1.20 60.64±1.22Audio A VGGish 66.78±1.12 66.63±1.13 67.07±1.20 66.78±1.12

Multimodal

M, Tr, A (Hou et al. 2019) 68.64±2.01 68.01±1.99 70.24±2.42 68.64±2.01
T, C (Medina et al. 2020) 71.45±2.43 71.45±2.44 71.47±2.42 71.45±2.43

T, C, F (Choi and Ko 2021) 75.07±0.38 75.04±0.38 75.18±0.38 75.07±0.38
Tr, F, A (Shang et al. 2021) 75.04±3.28 75.02±3.29 75.11±3.27 75.04±3.28

ALL SV-FEND(ours) 79.31±2.75 79.24±2.79 79.62±2.60 79.31±2.75

Table 3: Performance (%) comparison between the proposed model and the baseline models. We report the mean and standard
deviation of the five-fold cross-validation. Data formats are abbreviated for simplicity (M: Metadata, T: Title, Tr: Transcript, C:
Comment, F: Keyframe, V: Video clip, A: Audio).

Classification
We use a fully connected layer with softmax activation to
project the multimodal feature vector xm into the target
space of two classes: real and fake news videos, and gain
the probability distributions:

p = softmax(Wbxm + bb), (2)

where p = [p0, p1] is the predicted probability vector with
p0 and p1 indicate the predicted probability of label being 0
(real news video) and 1 (fake news video) respectively. Wb

is the weight matrix and b is the bias term. Thus, for each
news post, the goal is to minimize the binary cross-entropy
loss function as follows,

Lp = −[(1− y) log p0 + y log p1], (3)

where y ∈ {0, 1} denotes the ground-truth label.

Experiments
Baseline Methods
To establish a comprehensive benchmark, we experiment
with multiple representative methods that utilize single or
multiple modalities on FakeSV.

Social Modality: For Metadata (M), we combine the
hand-crafted features (hc feas) of metadata proposed in
(Hou et al. 2019; Li et al. 2022) and classify them by Support
Vector Machine (hc feas+SVM). For Comment (C), we use
the hc feas about comments proposed in (Palod et al. 2019;
Medina et al. 2020; Li et al. 2022) and SVM as classifier.
Also, we use BERT to extract the features of multiple com-
ments and use the Attention mechanism to fuse them for
classification.

Text Modality-Title (T)&Transcript (Tr): We use hc feas
about the title and transcript proposed in (Papadopoulou
et al. 2018; Palod et al. 2019; Medina et al. 2020) and SVM
as classifier. Also, we adopt Text-CNN (Kim 2014) and
BERT as textual encoders with an MLP for classification.

Visual Modality: For keyframe (F), we use two visual en-
coders used in existing multimodal baselines, that is VGG19

and Faster R-CNN (Ren et al. 2015), to extract the visual
features of multiple frames. For video clip (V), we use the
pre-trained C3D to extract the motion features. The Atten-
tion mechanism is used to fuse features of different time
steps for classification.

Audio Modality (A): We extract the emotion audio fea-
tures (emo feas) proposed in (Hou et al. 2019) and use SVM
to classify. Also, we use the pre-trained VGGish model to
extract the acoustic features for classification.

MultiModality: We use four existing state-of-the-art
methods as multimodal baselines: 1) (Hou et al. 2019) use
the linguistic features from the speech text, acoustic emotion
features, and user engagement features and a linear kernel
SVM to distinguish the real and fake news videos. 2) (Med-
ina et al. 2020) extract tf-idf vectors from the title and the
first hundred comments and use traditional machine learning
classifiers including logistic regression and SVM. 3) (Choi
and Ko 2021) use the topic distribution difference between
title and comments to fuse them, and concat them with the
visual features of keyframes. An adversarial neural network
is used as an auxiliary task to extract topic-agnostic multi-
modal features for classification. 4) (Shang et al. 2021) use
the extracted speech text to guide the learning of visual ob-
ject features, use MFCC features to enhance the speech tex-
tual features, and then use a co-attention module to fuse the
visual and speech information for classification.

Evaluation

Prior experiments have shown that the detection perfor-
mance varies a lot under different data splits. To ensure fair-
ness of experiments, our evaluations are conducted by doing
five-fold cross-validation with accuracy (Acc.), macro preci-
sion (Prec.), macro recall (Recall), and macro F1-score (F1)
as evaluation metrics. For each fold, the dataset is split as
training and testing sets at the event level with a ratio of 4:1,
ensuring that there is no event overlap among different sets.
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Method Acc. F1 Prec. Recall
SV-FEND 79.31 79.24 79.62 79.31
w/o News Content 74.89 74.57 76.34 74.89

w/o Text 75.37 75.11 76.54 75.37
w/o Title 77.28 77.23 77.53 77.28
w/o Transcript 77.89 77.86 78.01 77.89

w/o Visual 77.97 77.92 78.20 77.97
w/o Keyframes 78.49 78.43 78.77 78.49
w/o Video Clips 78.95 78.93 79.07 78.95

w/o Audio 78.95 78.93 79.03 78.95
w/o Social Context 78.62 78.54 78.98 78.62

w/o User 78.76 78.66 79.26 78.76
w/o Comment 79.09 79.02 79.45 79.09

Table 4: Ablation study on different modalities. The stan-
dard deviation values are ignored for simplicity.

Method Acc. F1 Prec. Recall
(Hou et al. 2019) 71.89 71.29 73.88 71.89

(Medina et al. 2020) 75.58 75.50 75.92 75.58
(Choi and Ko 2021) 78.32 78.31 78.37 78.32
(Shang et al. 2021) 74.45 74.39 74.67 74.45

SV-FEND(ours) 81.05 81.02 81.24 81.05

Table 5: Performance comparison under temporal split.

Experimental Results
Performance Comparison. Table 3 shows the results of
the baseline models and the proposed model, from which
we can draw the following observations: 1) SV-FEND per-
forms much better than the other methods, which validates
that SV-FEND can effectively capture important multimodal
clues to detect fake news videos. 2) According to the best-
performing methods, the discriminability of different data
could be sorted as: title&transcript >keyframe >video clip
>metadata >audio >comments. 3) The best performance in
terms of average accuracy on FakeSV is less than 0.8, which
is lower than the accuracy achieved on other popular multi-
modal fake news datasets (Jin et al. 2017a; Boididou et al.
2016) in which the best accuracy is higher than 0.9. This
further demonstrates the challenges of this dataset.

Analysis on Different Modalities. We conduct ablation
experiments to analyze the importance of each modality in
detecting fake news videos. From Table 4, we can see that
1) All modalities in SV-FEND are useful for achieving its
best performance. 2) News content is more effective than
social context in detecting fake news. 3) Different data under
the same modality have homogeneity and complementarity,
such as title and transcript, and keyframes and video clips. 4)
Comments play the least role in the detection, which maybe
results from data sparsity.

Performance on Temporal Split. In real-world scenarios,
when a check-worthy news video emerges, we only have the
previously-emerging data to train the detector. Therefore, we
provide a temporal split in chronological order with a ratio
of 70%:15%:15%, to evaluate the ability of models to de-
tect future fake news videos. Table 5 validates the superior-
ity of the proposed SV-FEND model in the temporal split.
Also, we observe that the performance in the temporal split
is higher than that in the event split, which is due to the ex-
istence of long-standing fake news events.

Title: How did this 
gold nuggets get taken 
out by this Chinese lad? 

Different Scenes

(a) Detected

Title: Emergency today, 
waiting for reinforcements!
#special police

Robbers take hostage. Police 
are waiting for reinforcements.

Special police captured the 
criminals!

(b) Missed

Figure 10: Two representative fake news videos in FakeSV
that were detected and missed by SV-FEND respectively.

Case Studies
To intuitively show the ability of SV-FEND, we conduct a
qualitative analysis on those successful and failed examples.
Figure 10(a) shows a successfully detected fake news video
stitched together from two videos that have similar scenes
but belong to different news events. Figure 10(b) shows a
missed fake news video where the police drill was depicted
as a real-life incident. It demonstrates the one-sidedness of
videos uploaded by ordinary users and the limitations of the
task of fake news detection without external information,
which encourages us to further explore the combination of
fake news detection and fact-checking on FakeSV.

Conclusion and Potential Applications
In this paper, we constructed the largest Chinese fake news
short video dataset namely FakeSV. It contains abundant fea-
tures about news content and social context, which not only
provide a benchmark for different methods, but also support
various researches related to fake news. The in-depth sta-
tistical analysis revealed the differences between fake and
real news videos from multiple perspectives. Additionally,
we provided a new multimodal baseline method and per-
formed extensive experiments to compare the performance
of different methods and modalities on FakeSV.

In addition to fake news video detection studied in this ar-
ticle, the multidimensional information provided in FakeSV
can be useful for other applications as follows: 1) Detect-
ing previously fact-checked fake news and propagation in-
tervention. According to the phenomenon revealed in this
article, fake news that has been previously fact-checked can
still spread. Therefore, automatic detection of previously
fact-checked fake news videos and personalized recommen-
dations of debunked videos are indispensable. FakeSV pro-
vides debunking articles/videos corresponding to the fake
news videos, which could support this task. 2) Fake news
evolution analysis. By restoring the propagation (secondary
editing) chain of videos based on video similarity, we could
study the lifecycles of fake news events and the intentions of
fake news publishers and spreaders. 3) User trustworthiness
and susceptibility analysis. We could study the user trust-
worthiness by combining the published videos and the pro-
file. By employing cross-platform analysis, we could com-
pare users preferences and susceptibility to fake news across
different platforms.
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Ethical Statement
Following the literature that studied user profiles in fake
news detection (Shu, Wang, and Liu 2018; Shu et al. 2019b;
Dou et al. 2021), we collect the public information of
the video publishers to study the behaviors of different
user groups, i.e., fake and real news publishers. We have
anonymized the data and clearly stated what data is being
collected and how it is being used in this article. Our data
is meant for academic research purposes and should not be
used outside of academic research contexts.
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