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Abstract—Open Source Intelligence (OSINT) is a choice for
collecting information today for law enforcement to monitor
illegal activities and allocate police resources effectively.
However, massive amounts of public information cannot be
analyzed by humans alone and so automatic pre-processing
must be performed in advance. In traditional text analysis, the
common word segmentation tools do not match the needs in
special fields and special words (such as proper nouns, dialects,
acronyms, metaphors, and so on). In the context of the Chinese
language, we consider the problem of automatically determining
the time and location of major public gatherings and
demonstrations using public available information. As
experimental scenario, we use the Lihkg online forum from
August 1st to October 10th, 2019 as a corpus, and propose a
topic vectorization method based on character embedding and
Chinese word segmentation, using MLP (multi-layer perceptron)
neural network as a location topic model. The result proves that
the method and the model can correctly identify the time and
the location of discussed activities by learning the existing
location corpus.
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information extraction, neural network, topic modeling

Lihkg,

I. INTRODUCTION

OSINT (Open source intelligence), which seeks and
obtains valuable information from various public information
resources, is an intelligence-gathering method for
governments and intelligence services to analyze social
opinion, cybercrime and cybersecurity [16]. It is currently the
technology of collecting information, due to the low cost and
low risk of open source intelligence. With the rapid
development of information network technology, the role of
open source intelligence is becoming increasingly important.
However, the massive amount of public information cannot be
analyzed by humans alone. Some pre-processing must take
place in advance automatically, and finally analyzed and
judged by experts to conclude. In this way, the open source
information should include a series of activities such as
collection, processing, analysis, distribution, inspection, and
evaluation. Here, this paper focuses on the automatic
processing, analysis and response of information. Based on
the MLP (Multilayer Perceptron) neural network algorithm,
this paper tries to automatically identify and extract relevant
time and location information of discussed activities in open
online forums.

The main source of OSINT is information from media and
organizations such as books, newspapers, magazines,
television, government, and social websites. In this study, we
use the Lihkg forum as a corpus to model the topics of the
demonstration time and location. The Lihkg discussion forum
[1], called “## % in Chinese, is a well-known multi-category
discussion forum in Hong Kong. Users can post online to
share their feelings and comments with others. Some activity
organizers will post notification messages in advance on the
forum, and supporters or regular users can immediately read,
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participate, and post their comments. In October 2019,
discussions in a particular part of the forum were almost
completely referring to public gatherings and demonstrations.
Identifying the time and location of an unregistered
demonstration is an important problem in police resource
management. The purpose of this study is to establish an
automatic recognition model of textual features of time and
location from public posts. Of course, whether a particular
activity constitutes a criminal offense depends on local laws
and regulations, however, the situation in Hong Kong in
October 2019 was rather dramatic since there were many
incidents that hurt other people and public property [18] such
that some organizers and defendants have been charged under
the Public Order Ordinance [17]. Our motivation stems from
the fact that similar conditions can apply in almost any country
in the world.

Traditional crime classification methods analyze the
textual data and detect crime evidence by keyword matching
[19]. By comparing the corpus of crime-related words with the
contents of the posts, all posts containing crime-related words
can be extracted, and these posts are potential traces of the
crime. However, this method has low flexibility, and it is easy
to miss some keywords that are not on the list but have similar
meanings. Deep neural networks are currently one of the most
popular machine learning algorithms in the analysis and
processing of textual data. At present, the method of
automatically extracting keywords by using a neural network
is manually labeling each word of each sentence with a feature
(for example, person or location [2]). And then use deep
learning to train, learn, and recognize the features after
labeling a large number of sentences, which will cost a lot of
time and energy. In order to improve this situation, we use
MLP (multi-layer perceptron) [3] as a feedforward artificial
neural network for topic modeling, to learn location words in
a location corpus in order to extract locations from sentences.
This research seeks answers to the following three questions:
1) How to do word segmentation of Chinese forum with the
method of word embedding? 2) How to extract new words not
in the existing corpus? 3) How to extract the details of
discussed activities (such as time and location) from online
forum data?

The rest of this paper is organized as follows. Section 2
overviews related work. Section 3 illustrates the structure of
word segmentation and the location topic modeling. Section 4
introduces the experiment about the application of the model.
The last section is the discussion and conclusion of this
research.

II. RELATED WORK

This research involves many fields such as text processing
and analysis, deep learning, crime investigation, and so on. At
present in the field of text processing and analysis, Chinese
word segmentation has been the research focus for a long time,
especially traditional Chinese and Cantonese are more
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difficult compared to simplified Chinese. Gao et al. [4]
propose the importance of tokenizing known words and
detecting different types of unknown words (for example,
logical derivative words, named entities, and other unlisted
words). They advocate the needs for multiple segmentation
criteria.  And different natural language processing
applications are necessary for different Chinese word
granularity. In order to reduce human effort, automatic word
segmentation based on large corpora appeared. Qian et al. [5]
propose an automatic word segmentation method based on
HMM (Hidden Markov Model) model to tokenize Chinese
classic text, and obtain good results on both the word
segmentation and the part-of-speech tagging. HMM model
has also been widely used in other word segmentation tools
(such as jieba).

In the field of crime investigation research, applying
machine learning and neural network to crime investigation
based on a large amount of crime data can benefit the process
of crime analysis. Andropov et al. [6] present a network
anomaly detection method based on MLP neural network.
They use MLP and real monitoring system to simulate, detect
and classify some known network attacks. They show good
results of their method in identifications of both known
anomalies and new ones. AL-Saif et al. [7] try different
features extraction techniques and different classification
algorithms to detect and classify crimes based on Arabic
twitter posts. They also find out that transforming words into
feature vectors and using a machine learning classifier can
construct a high-accuracy crime classification model.

Topic refers to the object or starting point of discourse,
such as a person or event, and is generally composed of a
character, a word, a phrase, or a short sentence [8]. Topic
model is a cluster and statistics model that analyze the latent
semantic structure of the text by machine learning algorithm
[9]. It is mainly used for semantic analysis and text mining and
analysis in Natural Language Processing. It can extract the
required topic information according to the semantic needs of
the analysis. Other researches on time topic model are mainly
focused on data that have clear time stamps, such as the release
time of the news [10], the creation time of the post on social
network platforms [11], and so on. There are few time models
that extract time from a sentence. Regarding location topic
modeling, the easiest way to extract locations from text is to
use a list of location names and then compare the words in the
text with those names. This method is difficult to discover new
locations, and it does not take the contexts into consideration.
But the list of names is still a good starting point when training
models to automatically recognize locations in the text. The
challenge is not only to identify the place but to remove some
ambiguity words that are related to the location topic. Lozano
et al. [12] discuss the evolution of topics in social media and
their geographical location over time. They propose that in
crisis management, knowing the current geographical location
of a particular topic can provide important information for
resource allocation. And compared with the keyword
matching method, the locations extracted by the location topic
model is related to the actual location and can provide better
geographical classification.

The above researches have promoted the Chinese word
segmentation algorithm, and combined machine learning and
crime investigation, which actually solved some problems in
crime analysis. But these methods are based on supervised
learning and require a lot of manually labeled data for training.

Therefore, this study will integrate neural network
classification methods into high-accuracy time extraction and
location topic modeling on the premise of reducing human
resources as much as possible.

III. TIME EXTRACTION AND LOCATION TOPIC MODEL

Most of the traditional Chinese text analysis is based on
the tokenized data which means the text is already separated
to words and phrases. They are limited to the word and
sentence level, and topics are extracted from high-frequency
words and feature words, so the information extracted is
limited. Therefore, we think the researches on the character,
sentence, and document level is more important before and
after the word segmentation. The main process of topic
modeling contains the following four steps: First, crawl the
data from the Lihkg forum and enter the basic data processing
stage, such as filtering out duplicate data. The second step is
to perform word segmentation and extract phrases. We use
three word segmentation methods to test, in order to obtain the
best word segmentation effect, and can get more meaningful
words. The third step is the extraction and analysis of time and
location of the discussed topic. To extract time information,
we use the regular expression information extraction method
with the extraction rules defined by ourselves. The model
automatically transforms all kinds of time expressions into a
unified format with high accuracy. To extract locations, we
use the classification extraction technology. Learning from a
location corpus, the neural network algorithm can
automatically extract relevant features and identify the other
locations. The final step is to integrate and analyze the
extracted time and location features.

A. Topic Vectorization: Character embedding and Word
segmentation

Text vectorization is the basis of natural language
processing, which is the process of changing text from words
to numbers and then to vectors. Topic consists of a list of
characters, so the topic vector is also started from the character
vector on the semantic level. In this way, we discuss the topic
vectorization from the following two aspects:

1) Character embedding

Before the Chinese word segmentation process, we first
perform a character embedding calculation on the entire forum
data and transform the character into vectors on the document
layer based on the semantic meaning of the characters.
Character embedding is a statistical language model based on
neural networks. It can be used to specify the number of words
in a window and calculate the probability of a character given
its contents. It can also indicate the relationship between the
target character and the other characters. Due to the flexibility
of neural networks, the same method can be applied to
characters, words, sentences, and documents. We adjusted the
parameters and weights on the basis of the word2vec
algorithm to build a character embedding model, turning each
character into a vector, which is beneficial for subsequent
calculations and analysis. For example, in the sentence "fi/
&l /R /A 45/ 171 /4E/ [/ 75 /171/4T (Every / one / of / them / are /
heading / for / Victoria / Park)", the slash "/" is used as the
delimiter symbol to split the sentence into a list of characters,
and then the vector of each character can be calculated. The
cosine similarity between two vectors can show the
relationship between the two characters. If the similarity is
high, the two characters may often appear together or have the
same or similar meaning. For example, "JCEH(Yuen Long)" is



a place in Hong Kong. The character of “JT (Yuen)" and “Rf
(Long)" has a similarity of 0.6457, which is the highest of the
similarities between "JG (Yuen)" and other characters.

Character embedding is a simple 3-layer neural network
algorithm similar to word2vec [13]. It can calculate the
probability of a character based on the surrounding characters
within the window size range, so as to get the relationship
between this character and other characters at the semantic
level. When calculating the character vector, we set the
window size to 5, because the number of characters in the
location we need to extract is basically within 5. Locations
with more than 5 characters are too detailed, and we only need
the first 5 words to know the approximate place. The number
of columns (i.e. the length of the vector) is defined by the user,
and we set the length to 100. This is a relatively balanced
length. It is not too short to distinguish from other vectors, and
not too long for programming operations and running time.
The larger the length of the vector, the more accurate the result
may be, but the calculation time will be longer. Each character
has a one-dimensional vector, so that the difference between
the two characters can be distinguished based on the
relationship between two adjacent characters. Later, we will
treat each word, phrase or even sentence as it is composed of
more than one character.

2) Chinese word segmentation

Word segmentation method is required to extract the
words, phrases, or phrases related to location features.
Therefore, we have considered the following three
segmentation methods:

a) Jieba Tokenizer: Jieba is a commonly used Chinese
word segmentation tool. It is based on a large number of
corpora for semantic analysis, as well as algorithms like word
maps, maximum probability path, and so on. It can
automatically identify common words. However, the data
used in this research is from the Lihkg forum in Hong Kong.
Most of the texts are spoken Cantonese and traditional
Chinese. Jieba works well based on the training results of a
large number of simplified Chinese texts. It does not have
strong adaptability in spoken Cantonese, so it is difficult to
tokenize the words correctly, especially for some OOV (out-
of-vocabulary) words. Therefore, we have added two other
word segmentation methods to find n-grams words and
phrases.

b) Co-occurrence frequency: We use the following
formula of Gensim [14] phrases:
count(AB)—countyin

count(A)xcount(B)

intensity = X N > threshold (1)
Here, count(A), count(B), and count(AB) respectively
represent the frequency of character A, character B, and word
AB. N is the total number of characters in the corpus.
count,,;, represents the minimum frequency of words.
Threshold represents the threshold for word segmentation.
When the co-occurrence intensity of the word AB is greater
than this threshold, the word AB can be divided into one word.
After many experiments, we finally set count,,;, as 20 and
threshold as 0.5. Applying this formula in 5 times iteratively,
we can get the words and phrases from 2-grams to 5-grams.

¢) Co-occurrence strength: The method to calculate the
co-occurrence strength of n-grams is as follows:
P(ABC)  P(ABC)
P(AB)P(C)’ P(A)P(BC)}

strength = min {

2

Here, P(A), P(AB), and P(ABC) respectively represent the
probability of character A, word AB, and word ABC. The
significance of calculating the co-occurrence strength of the
characters A, B, and C is that if ABC can form a word, then
the co-occurrence rate of AB and BC should be high. If AB
and C have a little relationship, then the value of P(AB)P(C)
should be close to P(ABC) . The larger the value of
P(ABC)/(P(AB)P(C)), the more likely it is that ABC
appears as a word. Similarly, after multiple iterations, we can
also get words and phrases from 2-grams to 5-grams.

After all the words and phrases are tokenized, they have
the same method to calculate the vectors of words and phrases.
The vector of a word or phrase is equal to the sum of all the
vectors divided by the number of characters:

n
vector(w) = 2% (v, = [dyy, dip, dig, ., dinoe])  (3)
The word w consists of the characters ¢y, ¢y, ..., ¢, And their
vectors are vy, Vs, ..., U,. When the three word segmentation
methods find the same word, the vectors of the word are the
same, so that the difference between the three segmentation
methods can be more clearly distinguished in subsequent
extraction of locations.

The content of a post can consist of one or multiple topics,
thus forming a topic framework. After obtaining each topic
and the corresponding vector, on the document level, the
content of a post can form a topic matrix. Topic vectorization
is to convert a topic matrix into a vector matrix, and each row
in the matrix is a vector of a topic. We need to find location-
related topics in this vector matrix.

B. Time topic and location topic model

In the October 2019, most of the posts in the Lihkg Current
Affairs section were centered around the organizing of and
comments on demonstrations and rally activities. Many of the
posts that mention time and location at the same time were
related to very specific assembly activity. We collected not
only the main content of a post but also the reply of the main
content. For example, there is a main post like “Date:
24/8/2019. Time: 1300 gathering. Location: Tsun Yip Street
Playground”. Except some spam replies like “Up up” to bump
a post, there are also a lot of replies like “824 Kwun
Tong”(The playground is in Kwun Tong). From our
experience of reading the posts on Lihkg, all the posts in
Current Affairs section with time and location were treated as
demonstration-related posts and no further pre-selection was
performed. Note that the time of the discussed event is not
necessarily the same as the timestamp of the post.

With our focus on time and location we need two models
to analyze the topic of time and location. As for time topics,
we use information extraction technology based on regular
expression. The extraction rules are formulated based on the
features of time expression and the model can automatically
perform matching. The location topic model is constructed
based on the location names and then uses neural network
algorithms to automatically learn and extract locations from
the posts.

1) Time topic extraction

We need to extract time directly from the text, so the time
topic model is built based on the format and characteristics of
the time mentioned in the post content.

In the Lihkg posts, the time is mainly expressed in the
following two ways: a) formal expression, with symbols



between the year, month, and day, similar to YYYY-MM-DD
or YYMMDD, such as 2019-01-08, 08/01/2019, 190108, and
so on. b) Abbreviated form, without year, similar to MMDD
or MM/DD, such as 0928, 9/28, September 28, and so on. The
format of time is limited and it can be extracted regularly, so
we use regular expression to extract the time based on these
rules. For example, for a date like 928, we can use the regular
expression  "(([1-9]|1[0-2])(0[1-9]|[1-2][0-9]]3[0-1]))" to
extract the month and day and convert the date into the formal
expression like " 2019-09-28 ". In this way, we can extract the
activity time from the posts.

2) Location topic model

We use MLP neural network to build a classification
model. It is a class of feedforward artificial neural network and
consists of at least three layers of nodes: the input layer, the
hidden layer of the fully connected layer, and the output layer.
Fig. 1 shows the structure of the MLP. Every unit weights an
input, a bias, and an activation function. The calculation
process of MLP is that the data will go through the input layer.
After the unit operation of the first layer, the result is the input
of the second layer, and the operation is performed and the
output of the second layer is the input of the third layer, and
so on. The training process is to continuously adjust the values
of weights and biases to achieve satisfactory results and meet
classification requirements.

hidden layers

output layer

input layer

Fig. 1.Neural network structure of MLP

The MLP model in this research totally includes 5 layers
including an input layer, an output layer, and 3 fully connected
hidden layers in the middle. More layers mean more
adjustment for the model, but it does not mean better
classification and prediction results. The first layer is an input
layer with a size of 100, and the second, third, and fourth
hidden layers are fully connected layers with 64, 16, and 1 unit
respectively. The last output layer has only one unit, which is
used to indicate whether the input data is a location. For the
activation function of each unit, we use the relu activation
function for the first two hidden layers. And the sigmoid
function for the third hidden layer, because the final goal is
still a binary classification problem. The loss function we use
is binary cross-entropy. It is often used in the case of binary
classification. The output of sigmoid is sent to a binary cross-
entropy loss function to continuously optimize the value of
bias and achieve better classification results.

IV. EXPERIMENT

A. Data Collection and Processing

The data used in this research is a corpus of 18834 Hong
Kong locations with full names mainly from Wikipedia [15],
and all posts on the Lihkg Current Affairs section from

2019/08/01 to 2019/10/10. Totally there are 2153 titles and
302887 replies. All the posts are traditional Chinese and
Cantonese. As Table I shows, we extracted the title, the
creation time of the theme post, the reply, and the reply time
of the post.

TABLE 1. LIHKG POST COLLECTION
Title Post
Creation Title Creation Reply
Time Time
[N T AV Y
%{j{‘l{/ﬁijm;ﬁébggt%@ ﬁﬁi% 1/? iF Eﬁ
8232019 | M FEMEI (Chen Fan | 1030019 | g (Airport
21:15 urges citizens: it would | 51.0¢ is the correct
be better to participate ¢
. S arget)
in other activities than
to block the airport)
BROLIP &R N7 ES: #2FE | 8/23/2019 Fefli: 831 4
S MEALRENH T | 21:33 RO IE
¥ % #% 3% (Chen Fan (Procession:
urges citizens: it would See you on
be better to participate 831 at
in other activities than Victoria Park)
to block the airport)

We train the word vector based on the content of the post.
After character embedding and word segmentation of the
posts mentioned in section III, we randomly extracted 7,930
high-frequency, common used, and nonlocation words and
phrases. Then use the character vectors obtained previously to
calculate the word vectors for Hong Kong locations and the
nonlocation phrases. Examples of labeled-location and
labeled-nonlocation data are shown in Table II.

TABLE II. EXAMPLES OF LOCATION AND NONLOCATION
Location Nonlocation
i 7 [ (Central and
fi(rel

Western District) A (rely)
1T (Wan Chai) FR 1 (pretect)
® [®  (Southern s

Ei )\
District) g Hi(apply)
R & (Eastern -
District) FH¥# (prevent)
#3 (Kwun Tong) [ %8 (group)

There are locations in the location corpus and also
mentioned in the post, such as "#iJ#(Kwun Tong)", "JGEH
(Yuen Long)", and so on. But some locations are in the post
but not in the location corpus, for example, overseas countries,
cities in mainland China, public facility names such as "West
Rail Station", and some shorthand locations. For example,
there is only "Hong Kong International Airport" in the
location corpus, but only "Airport" or "Hong Kong Airport” is
mentioned in the post. Therefore, the main purpose of the
location topic model is to find as many and accurate locations
as possible, especially the location information that is not
included in the location corpus.

B. Activity Location Vector Training

The location vector matrix is made up of location corpus
vectors and labeled-location vectors. The nonlocation vector
matrix consists of labeled-nonlocation vectors. With the
location vector matrix and nonlocation vector matrix, we
import the two matrix into the neural network model for
training. The model randomly allocates 80% (21411 data) as
the training set and 20% (5353 data) as the testing set. The
training process has 20 epochs. Fig.2 shows how accuracy and



loss change over time during training and testing. The training
accuracy is close to 97%, and the loss is controlled at around
0.08. The accuracy of the testing set is stable between 95%
and 96%, and the loss is about 0.12.

0.97

277 —e— Train —e— Train
0.96 4 Test 0.250 Test
0.225 4
0.95 1
o 0.200 1
> 094
g Z 0.175 A
O 093 -
< 0.150 4
0.92 W
0.125 + ~
0.91 1
0.100 4
0.90 1
r . . . 0.075 1, . . .
0 5 10 15 0 5 10 15

Epoch Epoch
Fig. 2. Accuracy and loss of training and testing

In addition, we also calculated the recall, precision and F1
score of the prediction result of the testing set:

e Precision is the number of data correctly classified as
positive divided by the total number of positive

. .. TP
predictions. The equation is: —— “)

e Recall is the number of data correctly classified as
positive divided by the total number of positive. The

equation is: —— 6)

e F1 score is the harmonic mean of precision and recall.
precisionxrecall (6)

In the equations, TP (True Positive) represents the number of
data that is correctly predicted as that class. FN (False
Negative) represents the number of data that is incorrectly
predicted as the wrong class. FP (False Positive) represents
the number of data that is incorrectly predicted as that class.
Table III shows the calculation results of the precision, recall
and F1 score. For the identification and prediction of the
location, the precision is 98%, which means that 98% of all
words predicted as locations are correct. The recall is 97%,
which means that among the data in the location corpus, the
model assigns 97% of the data to the location class. The results
show that MLP has a good performance on binary
classification, which means that this classification is also
reliable for extracting and predicting location information.

The equation is: 2 X —
precision+recall

TABLE IIL EVALUATION RESULT
Class Precision Recall Fl-score | Support
Location 0.98 0.97 0.97 4007
Nonlocation 0.90 0.94 0.92 1346
Avg/Total 0.96 0.96 0.96 5353

C. Experiment Result

For the time extraction, we made a statistical chart of the
date mentioned in the post and the post-release date. As shown
in Fig.3, the blue line is the frequency of post-release dates,
and the orange line is the frequency of dates mentioned in the
post. Among the data indicated by the orange line, the lowest
frequency is 11 on August 14 which is the riots in Sham Shui
Po. The highest frequency is 1223 on September 1st and the
airport was disrupted on that day. From the line chart, we can
see that before and after the activity date, the number of posts
on Lihkg will suddenly increase. And these dates in reality are
quite close to the date of some big gathering events.

Line Chart of Date Frequency
30000

—&— date frequency of post creation

3 date frequency in post content
25000

20000
15000
10000

5000

S o N

S S
(N K I o

~ S A v

Fig. 3.Line chart of date frequency

We use the three segmentation methods in Section III to
tokenize the posts and then go through the location topic
model to identify the location words. The different results of
the word segmentation methods are showed in Table IV. The
result shows that Jieba still tokenizes a lot of useless words
and phrases, and the model can filter out a large number of
non-address words.

TABLE IV. PREDICTION RESULT
Segmentation Predicted Predicted as Total
Method as location nonlocation
Jieba 11945 96618 108563
Co-occurrence 3025 27984 31009
frequency
Co-occurrence 1848 18646 20494
strength

In order to better extract the locations, we output the words
that are predicted as locations from all three segmentation
methods, for a total of 668 words. Among them, there are
locations that already exist in the location corpus, such as: "4
#%(Admiralty)", "7 F5iMl(Lok Ma Chau)", "JLEE 3 (Kowloon
Tong)" and so on. There are also "new" addresses identified
by the model, such as "X Pt (Greater Northwest)", "X [
(Great Bay Area)", "X (Europe)", "% ) JE it (Estonia)", "
#5551 (Hong Kong Island)", etc. There are also some more
precise location words, for example, some public facilities like
" 77 # 0> (downtown)", "4 [E] (V Park)" (abbreviation of
Victoria Park), " 3 (casino)", "4 # ['7 (Golden Arch)"
(McDonald's nickname), "JL#E * (Kowloon East)", "#15;
(airport)", "85 (MTR Station)" and so on. In this way, we
can extract a lot of locations related to the discussed activities,
enrich the location corpus, and select some frequently
mentioned locations as major monitoring areas.

After we add the time extraction function to the location
topic model, we can automatically extract these activity
feature information to test the ability to extract information.
Specific examples are in Table V.

TABLE V. ToPIC MODEL RESULT



(when) and the location (where). Future work might
investigate to extract the specific form features (how) and
reasons (why) of the discussed topic in order to be helpful for

Post Time Location
8 7 5 H 4 KA T.(Aug [4xits]
5th General strike in Hong | [2019-08-05’] | (whole Hong
Kong) Kong)
8 10 H B4 R DA AL A
/DA A 58 A I ke [
#%(On August lpth, at least | [2019-08-10°] (Whampoa)
one of the men in the flash
mob activity is charged.)
824 W 7 BhHEY 824 2
% 1 Eh81E (August 24th | [2019-08-24", [‘%ﬁb;—’,’gﬁ%’]
airport at 7a.m.  August | (g19.0g.0 4] (Airport, Kwun
24th, Kwun Tong at 1 Tong)
p.m.)
831 KT REE T KRR sk
— AT (August 31, terrorist (AT
attack in Prince Edward. | [2019-08-31"] ( Prince Edward)
The five demands are
indispensable)

We also compare the extracted demonstrations with the
timeline of real events. The extracted demonstrations are the
events repeatedly mentioned in Lihkg dataset with their
frequency in the brackets. The collection of real events is
mainly from a citizen’s website [20]. Table VI shows some
comparison examples.

TABLE VI. TIMELINE COMPARISON RESULT

Extracted Events Real Events
[2019-07-21", 7C. B Yuen The 2019 Yuen Long attack was a mob
L 223 attack that occurred on 21 to 22 July

ong] (223) 2019, in Yuen Long, Hong Kong.

[2019-08-24", #i % Kwun | Aug 24 Kowloon East Kwun Tong
Tong](124) Parade
[©2019-08-31", K F Prince . .
Edward](93) Aug 31 Prince Edward station attack
[©2019-09-01°, # 35 | Sept 1 Citizens launch "Airport Traffic
Airport](822) Stress Test"
[©2019-09-21°, 15 '] Tuen .
Mun](30) Sept 21 Recovering Tuen Mun
[‘2019-10-01°, 25 Tsuen | Hong Kong Demonstrations on the
Wan](38) National Day of China
[2019-10-01°, ¥ K i | Hong Kong Demonstrations on the
Wong Tai Sin](46) National Day of China

The result shows the location topic model can not only
extract the location in the location corpus, but also the related
newly appeared location. It also shows that the location topic
vectorization model has high accuracy and versatility. For
example, consider the extracted event in Yuen Long on July
21. The date is outside the time frame of our data extraction
which is August to October, but we still extract the event from
the post. The experiment proves that the ability to use regular
expression and location topic model to respectively extract
time and place is quite powerful, and the effect is quite good.

V. CONCLUSION

Unregistered public gatherings can easily threaten public
safety. As a result, it is important for law enforcement to
identify activity time and location of such activities to assign
resources and have proper monitoring of the activity schedule.
Providing only a location list, we use results from linguistics
and deep learning theory, use regular expressions to
automatically extract gathering time, and use a location topic
model to automatically extract activity location. Our approach
is not only suitable for forum data, but also can be used for
other big data analysis, especially for data in Chinese. At
present, it is limited to the automatic extraction of the date

law enforcement.
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