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Abstract—With the prevalence of social media, fake
news has become one of the greatest challenges in jour-
nalism, which has weakened public trust in news out-
lets and authorities. During the COVID-19 epidemic,
the widely circulated pandemic-related fake news on
social media misleads or threatens the public. Recent
works have investigated fake news detection on social
platforms in English and Mandarin, though Cantonese
fake news has been understudied. To pave the way for
Cantonese COVID-19 fake news detection, we first pre-
sented an annotated COVID-19 related Cantonese fake
news dataset collected from a popular local discussion
forum in Hong Kong. Then, we explored the dataset
by applying topic modeling to identify the topics that
contain the most significant amount of fake news. More-
over, we evaluated both traditional machine learning
algorithms and deep learning algorithms for Cantonese
fake news detection. Our empirical results show that
deep learning based methods perform slightly better
than traditional machine learning methods on TF-IDF
features.

Index Terms—Fake News Detection, Topic Modeling,
Cantonese Text Analytics

I. INTRODUCTION

Fake news detection has gained increasing research at-
tention in recent years [1]. However, Cantonese fake news
has been understudied [2]. With this concern, we construct
and annotate a Cantonese COVID-19 related dataset
based on one of the most popular local discussion forums,
LIHKG !, in Hong Kong. Due to the immatureness of ex-
isting Natural language processing (NLP) technologies on
Cantonese text analytics, it raises crucial questions about
the applicability of existing fake news detection models
on Cantonese. In this study, we investigate the following
two research questions: RQ1: Are some topics containing
more fake news than others? RQ2: How accurate are the
existing fake news detection models on our Cantonese
Covid-19 fake news dataset?

II. METHODOLOGY

We have framed this study with three main parts: data
collecting and labeling, text data preprocessing, and fake
news detection, as shown in Fig. 1.

www.lihkg.com

978-1-6654-3902-2/21/$31.00 ©2021 IEEE 6052

Data Collection and Labelling Text Data Preprocessing Fake News Detection

Text noises removal Topic modeling and topic
(html tags, punctuation, distribution features for fake

E:;ww. lil]kg.conj:j
emoji) new detection

Covid-19 related news
articles and comments ' ' Traditional machine learning
methods

(Decision Tree, RF, SVM)

Cantonese stop words
removal

Fact-checking by
experienced journalists

Deep learning based methods
(Text-CNN, Bi-LSTM, Bi-
GRU, HAN, dEFEND)

Cantonese text
segmentation

Cantonese Covid-19
fake news dataset

Fig. 1. The framework of our study on Covid-19 fake news detection

A. Dataset Collection and Labeling

Keywords based search were performed to collect the
COVID-19 related posts from LIHKG firstly. The set
of search keywords includes: “¥7@” (abbr. New coron-
avirus), “ffi¥” (Pneumonia), “Covid”, “#iB@EAR” (New
coronavirus), “S&H” (vaccine), “EE#A" (Public test-
ing), “F&” (mask), “FI&” (Anti-epidemic), “&1&" (Epi-
demic), “$8FFL" (Zhong Nanshan), “F#52” (Confirmed
positive), “sRFT&” (Chuang Shuk-kwan), “ZREIE" (Yuen
Kwok-yung). Then we developed a labeling system and
recruited three experienced journalism student helpers to
filter and label the data. Finally, we collected 1,917 posts
along with comments for true and fake news. Table I
provides an overview of the dataset.

B. Problem Setting for Fake News Detection

Let us use a; to denote the i-th news article in the data
and use ¢’ = {ct,ch,...,cl,} to denote the m-comments
associated with the news article a;. And y; € {—1,1} is
used to denote the label for a;, for a news article a;, y; = 1
means a; is fake and y; = —1 indicates a; is true. Then
the fake news detection problem can be defined as follows.
For a given dataset {(a;,c’, y;)}", containing n labeled
news with their associated comments, we want to learn a
fake news detection function such that f(a,c) =1 if a is
fake and f(a,c) = —1 otherwise.

To get the meaningful word representation for each
news article, we applied three steps for text preprocessing:
(1) noise removal of http tags, punctuation marks, and
emojis; (2) stop words removal; and (3) Cantonese text
segmentation.
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TABLE I
OVERVIEW OF THE COLLECTED CANTONESE COVID-19 DATASET

7 of posts  # of comments  # of users
Fake-news 132 8,566 4,293
True-news 1,785 85,542 15,964
Total 1,917 94,108 20,257

C. Topics Ezxploration and Topic-related Features

To answer our RQ1, we propose to use the Latent
Dirichlet Allocation (LDA) model [3] to mine the topics.
Based on the LDA results, we will (1) identify the topics
that contain significantly more fake news than other topics
using the hypergeometric test; and (2) evaluate the perfor-
mance of fakes news detection models by using the topic
distribution as the feature representation. And here we
only focus on the news articles {a;}" ; and do not consider
their associated comments.

By fitting the LDA model on our data {a;}’,, we
obtain a topic distribution for each news article, i.e.,
pla;) = [6%,04,...,0:] where k is the number of topics.
The 9; denotes the probability of news article a; belonging
to topic j (j = 1,...,k). To identify the topics that
contain significantly more fake news than other topics,
we assign each news article to the topic with the highest
probability 6. Based on the topic assignment and the
label (i.e., true or fake) of the news articles, we use the
hypergeometric test to determine whether some topics are
over-represented by fake news.

In our experiments, we identified two topics containing
significantly more fake news than others with p-values
less than 0.01. The results suggest that the topic-related
features could be meaningful indicators in fake news detec-
tion. Therefore, we also evaluate the fake news detection
performance with topic distribution [6%,63,...,0:] as the
feature representation for news articles.

D. Fake News Detection Algorithms

To answer our RQ2, we applied and evaluated both
traditional machine learning based methods and deep
learning based methods in our study.

1) Traditional machine learning based fake new de-
tection: The general procedure for traditional machine
learning based fake new detection contains two modules:
feature extraction and classification model. For feature ex-
traction, our study examined two content based features:
(1) Bag-of-Word based Term Frequency-Inverse Document
Frequency (TF-IDF) features: to explore the language
difference; and (2) topic distribution based feature as
described in II-C: to explore the topic distribution dif-
ference. The mentioned feature extraction methods can
be consider as transforming the text data (a;,c;) into
a numerical representation x;. After extracting features
on news articles and comments, we transforming our raw
data {(a;,c’,y;)}", to a standard input data format
{(xi,y:)}}_; for binary classification. For the classification
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model, we choose Decision Tree (DT), Random Forest
(RF) and Support Vector Machine (SVM) as the classifiers
based on their demonstrated good performance in existing
realted studies [1], [4].

2) Deep Learning based fake mews detection: Unlike
traditional machine learning algorithms that require a
handcraft feature extraction process, the end-to-end deep
learning models have been widely studied in text clas-
sification in recent years. Our study also applies and
evaluates several popular deep learning based methods
for text classification on our dataset. Specifically, we
investigated text-CNN [5], Bidirectional Long Short-Term
Memory Networks (Bi-LSTM) [6], Bidirectional Gated
Recurrent Unit (Bi-GRU) [7], Hierarchical Attention Net-
works (HAN) [8] and dEFEND [9] in our experiments.
The input word embedding of Cantonese to deep learning
models are obtained by fastText [10].

III. EXPERIMENT

Topic Discovery. Table II shows the results of LDA
with the number of topics equal to seven. The topic labels
are assigned manually. Among seven topics, the topic of
“vaccination” and “spoken Cantonese” contain a higher
percentage of fake news than others with p-values less than
0.01.

Fake News Detection. Given our data is highly imbal-
anced, we use Area Under the ROC Curve (AUROC) and
Area under the PR Curve (AUPRC) as the evaluation
metrics. We randomly split the data into training set
(80%) and test set (20%) to evaluate the performance.
This procedure is repeated five times and the averaged
AUROC and AUPRC are reported.

The results of different machine learning models are
shown in Table III. Since our preliminary studies revealed
that the comments data could not aid the performance
while adding on extra time and source in our problem,
Table IIT’s results are based on news contents except
dEFEND method with comments trails. Concerning tradi-
tional methods, features from topic distribution are more
constructive than other features in our dataset for fake
news detection. Under topic distribution features, RF gets
the best AUPRC and SVM gets the best AUROC. For
deep learning based methods, these methods generally get
slightly better results than traditional machine learning
methods with TF-IDF features. However, they get sim-
ilar results as traditional machine learning with topics
features. Deep learning based methods do not get signif-
icantly better results than traditional machine learning
based methods in our dataset. The reasons could be (1)
Our Cantonese COVID-19 data is relatively small; (2)
The Cantonese text segmentation and Cantonese word
embedding are immature as English and Mandarin.

IV. CONCLUSION

We introduced a labeled COVID-19 related Cantonese
fake news dataset and explored three research questions
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TABLE II

OVERVIEW OF THE TOPICS IN OUR DATASET

Topic id  Topic label # of % of fake  Top-10 representative words in the topic Significant
news news level
1 Quarantine 794 2.02 Z R (mass), 14 (sample), sT&l(plan), 8L (employee), 1.000
REIS (Yuen Kwok-yung), & (pandemic), 1/ (quarantine),
#i(over), fEE (health), 7 (Hong Kong)
2 Global pandemic 575 7.65 B7E(Taiwan), F(year), HE](United Kingdom), k& (report),  0.220
BN (Australia), $B8E (Donald Trump), #(doing),
& (world), H7(Si: one popular word for names), (this)
3 Vaccination 144 13.89 & (vaccine), M8 (antibody), & (vaccination), 0.001***
Bl (dosage), 8 (inject), i (test), HE (experiment),
B (team), ¥ (Research and Development),
E% (produce)
4 Spoken Cantonese 214  22.43 {#(is), F&(not), B(’s), {E(he/ she), 0.000%**
fR(you), M(this), BE(’s), KK (we),
%’f(say), §ﬁA(Hongkongers)
5 Police 63 1.59 75 (police), & (police officer), #F (video), Z(police), 0.990
2R (policeman), & (Lei: one popular word for names),
B (summer), #8(gun), 34F(wright: names), FZ(children)
6 Medical Supplies 166 3.61 7t(Taiwan), & E(year), {&(100 million), 0.979
% (buy), #f(copper), fﬂ(corekﬁﬁﬂ(fund),
1% (company), {FE(supply), & (box)
7 Health 10 10.00 A (quit), K&(smoking), TRE(smoke), E(country), 0.511
3 (tease), %(syeam), B8 (thought),
X (District), %& (supply), tEE(competition)
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