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Abstract
【Objective】To detect emergent events in massive Weibo data in real-time, accu-
rately, and efficiently, providing important decision-making information support
for public opinion emergency management.

【Method】By introducing a reference time window mechanism, we design selec-
tion and calculation methods for four types of features: term frequency, doc-
ument frequency, hashtags, and term frequency growth rate, to extract burst
topic words based on dynamic thresholds. On this basis, Weibo texts are rep-
resented as feature vectors of burst topic words, and agglomerative hierarchical
clustering algorithm is used to achieve emergent event detection.

【Results】By analyzing experimental results with actual cases, the emergent event
detection achieves 80% accuracy, verifying the feasibility and effectiveness of the
proposed method.

【Limitations】Due to limitations in corpus data and research scope, automatic
description of detected emergent events has not yet been realized, and there are
also certain deficiencies in the analysis and consideration of elements such as
netizen sentiment and semantic relationships between events.

【Conclusion】This study overcomes the limitations of previous related research in
terms of text content quality, text format, and burst feature extraction results,
and improves the efficiency of Weibo emergent event detection.
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A New Method for Detecting Emergencies from Microblog
Posts Based on Bursty Topic Words and Agglomerative
Hierarchical Clustering
Ding Shengchun, Gong Silan, Li Hongmei
(School of Economics and Management, Nanjing University of Science and Tech-
nology, Nanjing 210094, China)

Abstract

[Objective] This study proposes a method to detect emergencies from mas-
sive microblog posts in real time, accurately, and efficiently, providing critical
decision-making support for public opinion emergency management.

[Methods] We introduced a reference time window mechanism and designed se-
lection and calculation methods for four types of features: word frequency, docu-
ment frequency, hashtags, and word frequency growth rate. Based on dynamic
thresholds, we extracted bursty topic words. We then represented microblog
texts as feature vectors of bursty topic words and applied an agglomerative
hierarchical clustering algorithm to detect emergency events.

[Results] Experimental results analyzed with real-world cases demonstrated
that our method achieved 80% accuracy in emergency event detection, verifying
its feasibility and effectiveness.

[Limitations] Due to limitations in corpus data and research scope, the study
has not yet achieved automatic description of detected emergencies, and the
analysis of factors such as user sentiment and semantic relationships between
events remains inadequate.

[Conclusions] This research overcomes previous limitations in text content
quality, text format, and bursty feature extraction results, improving the effi-
ciency of emergency event detection from microblog posts.

Keywords: Emergency event detection; Bursty topic words; Agglomerative
hierarchical clustering algorithm; Network public opinion; Microblog

1. Introduction

As a new social media platform, microblog (Weibo) is characterized by conve-
nient usage, rapid dissemination, strong interactivity, and comprehensive con-
tent, making it an important channel for the rapid aggregation and propagation
of emergency information. Emergency events refer to sudden occurrences that
cause or may cause serious social harm, requiring emergency response measures
to address natural disasters, accidents, public health incidents, and social se-
curity events. Such events are instantaneous, with accidental 爆发 points, and
their timing and location are highly unpredictable. When emergencies occur,
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an increasing number of netizens habitually use microblogs to publish and ob-
tain real-time information while expressing their personal views and attitudes.
Furthermore, the frequent occurrence of emergencies has drawn widespread at-
tention to network public opinion analysis on microblog platforms. Accurately
and efficiently detecting emergencies from massive microblog posts at the first
moment of their outbreak can not only help users obtain critical emergency
information in real time and alleviate panic but also assist emergency manage-
ment agencies in grasping the development trends of emergencies, rationally
controlling and guiding public opinion, and providing decision-making infor-
mation support for emergency management. This plays a significant role in
leveraging the positive functions of network public opinion in ensuring citizens’
right to know and maintaining social stability and healthy development.

Research on emergency event detection for microblogs has achieved certain re-
sults, mainly divided into document-centered detection research [1] and feature-
centered detection research [2].

Document-centered emergency event detection techniques directly cluster docu-
ments, treating clusters as emergency events, and then extract event features to
represent the detected emergencies [3-4]. Petrović et al. [5] proposed a Twitter
text clustering algorithm based on LSH (Locality-Sensitive Hashing), which op-
timized the time efficiency of event detection on social media while maintaining
constant time and space complexity. Phuvipadawat et al. [6] studied unsuper-
vised clustering methods for breaking news events on Twitter, selecting both
general features and microblog-specific features, and used the TF-IDF method
to assign weights to each feature word, achieving good clustering results. Ge
Gaofei [7] proposed an improved TC-LDA algorithm to address the noise prob-
lem in emergency event detection.

Feature-centered emergency event detection techniques [8] focus on detecting
bursty features that change over time in real-time data streams, i.e., extracting
bursty topic words [9]. By clustering these bursty topic words or using them
to represent texts before applying clustering algorithms, the goal of emergency
event detection is achieved. This method can avoid data sparsity issues. How-
ever, microblog texts are short yet voluminous, containing substantial noise such
as advertisements and online fraud, and are highly real-time, making emergency
event detection on microblogs more susceptible to spam information [10]. To
address noisy data, researchers emphasize utilizing temporal information and
combining microblog’s inherent attribute functions like Hashtags [11] to mine
bursty features presented during event periods.

Kleinberg [12] early discovered that document streams exhibit characteristics
of suddenly appearing for a period before disappearing, proposing the classic
Bursty mining method. He et al. [13] analyzed word trends in time series and
applied them to unsupervised emergency event identification algorithms. Math-
ioudakis et al. [14] implemented the “TwitterMonitor”system, which clusters
words with abnormally high frequency in Twitter within specific time periods
to discover emerging emergencies in real time. Long et al. [15] introduced docu-
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ment frequency, Hashtag, and information entropy factors in event detection to
extract topic words representing emergencies, constructing word co-occurrence
graphs and applying clustering algorithms to obtain events from microblogs.
Zhao Wenqing et al. [16] used relative word frequency and word frequency
growth rate to extract topic words of emergencies, clustering based on word
co-occurrence graphs and treating clusters as microblog news events. Yao et
al. [17] detected events in microblogs by monitoring changes in user-generated
Hashtag markers. Wang Yong et al. [18] calculated word weights from three as-
pects—word frequency statistics, word frequency growth rate, and TF-PDF—to
extract bursty word sets, proposing an“absolute clustering”algorithm to detect
emergencies more accurately. Guo Yixiu et al. [19] integrated microblog text
features, propagation features, and user influence to extract bursty words, using
agglomerative hierarchical clustering on bursty words to detect emergencies on
microblogs.

In summary, existing research on emergency event detection still has certain
limitations, mostly constrained by factors such as text content quality, text
format, and bursty feature extraction results. Based on this, our study intro-
duces a filtering strategy for the three essential elements of microblog events to
control text content quality. Simultaneously, considering microblog text format
characteristics, we preprocess microblog data through traditional/simplified Chi-
nese conversion, word segmentation, stop-word processing, and part-of-speech
filtering to filter noise information that may affect bursty features and unify text
formats. Then, based on comprehensive consideration of words’thematic expres-
sion capability and burstiness, we introduce a reference time window mechanism,
design selection and calculation methods for four features—word frequency, docu-
ment frequency, hashtag, and word frequency growth rate—and extract effective
bursty topic words characterizing events based on dynamic thresholds. Finally,
we represent microblog texts as feature vectors, construct microblog text similar-
ity matrices, and use agglomerative hierarchical clustering algorithms to detect
emergency events on microblogs.

3. Emergency Event Detection Research Framework

Public opinion on emergencies results from internet users holding respective
viewpoints and communicating with each other around specific emergencies,
forming certain information flows that exhibit periodic characteristics. After
emergencies erupt on microblog platforms, some features used to describe events
are widely mentioned. From a linguistic perspective, these features are bursty
words appearing in microblog text content within specific time periods. How-
ever, using words alone cannot distinguish events; it is necessary to locate mi-
croblog texts within corresponding time periods using bursty words and achieve
emergency event detection through text clustering.

The specific detection framework is shown in Figure 1 [Figure 1: see original
paper]. This research mainly addresses the following issues:
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(1) Microblog data contains much spam information, and bursty features are
easily affected by noise. Therefore, special attention must be paid to noise
and spam information filtering in microblog data before extracting bursty
topic words, along with preprocessing operations such as text segmenta-
tion and part-of-speech tagging.

(2) Addressing the propagation characteristics of emergency events on mi-
croblogs, we divide collected microblogs into time windows to construct
microblog data streams on time series. By capturing the temporal distri-
bution and bursty patterns of words in different time windows, we utilize
four features—word frequency, document frequency, hashtags, and word
frequency growth rate—to extract event bursty topic words based on dy-
namic thresholds.

(3) After filtering texts describing emergencies, we use bursty topic words
as bursty features to represent microblog texts and apply agglomerative
hierarchical clustering strategies to cluster microblog texts into clusters,
treating clustering results as emergency events.

(4) We verify the research method through experiments and analyze the emer-
gency event detection effects with real-world cases.

4. Emergency Event Detection Method Based on Bursty Features

4.1 Bursty Topic Word Extraction (1) Bursty Topic Word Feature
Analysis

Bursty topic words are content words that are extensively used within a certain
time window but rarely used in previous time windows [9]. Based on microblogs’
inherent characteristics of timeliness and fission propagation, before extracting
bursty topic words for emergencies, it is necessary to first divide continuous
microblog data streams into independent time periods. This paper divides mi-
croblog data into m×t time windows, where m is measured in “days.”To more
granularly detect the occurrence time of events on microblogs in real time, t
can be further divided into finer time segments based on needs, measured in
“days,”“hours,”“minutes,”or “seconds.”To enable extracted words from mi-
croblogs to more comprehensively describe emergencies, this paper establishes
bursty topic word measurement standards from four aspects—word frequency,
document frequency, hashtags, and word frequency growth rate—to determine
whether a word can become a bursty topic word.

� Word Frequency
Word frequency can measure the importance of a vocabulary item in a document.
Under statistical significance, if a word appears frequently, it means the word
is more likely related to the topic expressed in the text. Therefore, this paper
adopts word frequency as one of the measurement methods for bursty topic
word selection.

� Document Frequency
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For emergency events, if the number of microblogs containing a certain word
is relatively high in the current time window, the word is more likely to be a
feature word of an emergency event. To ensure the thematic expressiveness of
selected feature words, this paper adjusts document frequency by introducing
the concept of entropy to measure a word’s expressiveness for emergency event
themes in that time window. Larger entropy indicates that the word can better
express the theme.

� Hashtag
As one of microblog’s most distinctive functional attributes, hashtags allow
users to create topic tags for published information content [20]. Feature words
more closely related to events are more likely to appear in microblog hashtags.
This paper fully utilizes the hashtag feature of microblogs, measuring the degree
of correlation between a word and an emergency event by calculating the word’
s hashtag weight [21]. The calculation formula is as follows:

𝐻𝑇𝑖𝑗 = {
ℎ𝑖
ℎ′

𝑖
if 𝑙(𝑤𝑖) = 1

0 if 𝑙(𝑤𝑖) = 0

where 𝐻𝑇𝑖𝑗 is the hashtag weight of word 𝑤𝑖 in time window 𝑗, 𝑙(𝑤𝑖) is a dis-
criminant function where 𝑙(𝑤𝑖) = 1 indicates that at least one hashtag contains
word 𝑤𝑖 and 𝑙(𝑤𝑖) = 0 indicates that no hashtag contains word 𝑤𝑖, ℎ𝑖 is the
count of occurrences of word 𝑤𝑖 in hashtags, and ℎ′

𝑖 is the number of microblog
posts in the current time window that contain word 𝑤𝑖 and include the hashtag
symbol #.

� Word Frequency Growth Rate
The burstiness of words presents a state of sharp increase over time, with the
most obvious feature being the use of word frequency increment to screen bursty
topic words in the current time window. Word frequency increment is usually
calculated using the proportional change of word frequency in adjacent time
windows [18]. Meanwhile, to avoid interference from adjacent time windows
during the event duration on word frequency growth rate results, this paper
combines the relative time window and adjacent time window in the reference
time window mechanism for comparison. The calculation formula is as follows:

𝐹𝑇𝑖𝑗 = 𝜆1 ⋅
𝑓𝑖𝑗 − 𝑓𝑖(𝑗−1)

𝑓𝑖(𝑗−1)
+ 𝜆2 ⋅ 𝑓𝑖𝑗 − 𝑓𝑖′𝑗′

𝑓𝑖′𝑗′

where 𝐹𝑇𝑖𝑗 represents the word frequency growth rate of word 𝑤𝑖 in the current
time window 𝑗, 𝑓𝑖𝑗 is the word frequency of word 𝑤𝑖 in time window 𝑗, 𝑓𝑖(𝑗−1)
is the word frequency of word 𝑤𝑖 in the previous time window 𝑗 − 1. If “day”
is used as the time unit, then 𝑓𝑖′𝑗′ is the word frequency of word 𝑤𝑖 in time
window 𝑗 − 2. If “hour”is used as the time unit, then 𝑓𝑖′𝑗′ corresponds to the
word frequency of word 𝑤𝑖 in the 𝑗′ time window of the previous day. 𝜆1 and
𝜆2 are adjustment coefficients, with 𝜆1 + 𝜆2 = 1.
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Based on the above analysis, words with high word frequency, document fre-
quency, hashtag weight, and word frequency growth rate in microblogs are more
likely to become bursty topic words describing events. The bursty topic degree
of words will be calculated by combining the normalized results of these four
features. The calculation formula is as follows:

𝐵𝑇 𝑤𝑜𝑟𝑑𝑖𝑗 = 𝐹 ′
𝑖𝑗 + 𝐷𝐹 ′

𝑖𝑗 + 𝐻𝑇 ′
𝑖𝑗 + 𝐹𝑇 ′

𝑖𝑗

where 𝐵𝑇 𝑤𝑜𝑟𝑑𝑖𝑗 represents the bursty topic degree of word 𝑤𝑖 in time win-
dow 𝑗, and 𝐹 ′

𝑖𝑗, 𝐷𝐹 ′
𝑖𝑗, 𝐻𝑇 ′

𝑖𝑗, and 𝐹𝑇 ′
𝑖𝑗 are the normalized word frequency,

document frequency, hashtag weight, and word frequency growth rate, respec-
tively. The final bursty topic word set 𝐵𝑇 𝑤𝑜𝑟𝑑 is represented as: 𝐵𝑇 𝑤𝑜𝑟𝑑 =
{𝑤𝑜𝑟𝑑1, 𝑤𝑜𝑟𝑑2, 𝑤𝑜𝑟𝑑3, … , 𝑤𝑜𝑟𝑑𝑘}, where 𝑤𝑜𝑟𝑑𝑘 represents the 𝑘-th bursty topic
word in the current time window 𝑗.

(2) Bursty Topic Word Extraction Algorithm

Whether a word can become a bursty topic word must first meet the set thresh-
old 𝛿 standard, and then the bursty topic degree of all words meeting the stan-
dard is calculated. Threshold 𝛿 includes: the average value 𝛿1 of word frequency
of all words in the current time window; the average value 𝛿2 of document fre-
quency of all words in the current time window; the empirical dynamic thresh-
old 𝛿3 adjusting the bursty characteristics of words; and the average value 𝛿4
of bursty topic degree of words meeting the first three thresholds in the current
time window. The specific process of the bursty topic word extraction algorithm
is as follows:

� Input the microblog data stream, assign it to different time windows accord-
ing to the post publication time, then perform statistics after preprocessing
microblogs in each window to obtain the total word list 𝑊 in each time win-
dow.
� Read word 𝑤𝑖 from word sequence 𝑊 and execute step �.
� Calculate the word frequency of word 𝑤𝑖 and determine whether it is greater
than threshold 𝛿1. If greater, retain the word and execute step �; otherwise,
filter out word 𝑤𝑖, set 𝑖 = 𝑖 + 1, and jump to step �.
� Calculate the document frequency of word 𝑤𝑖 and determine whether it is
greater than threshold 𝛿2. If greater, retain the word and execute step �; other-
wise, filter out word 𝑤𝑖, set 𝑖 = 𝑖 + 1, and jump to step �.
� Calculate the word frequency growth rate of word 𝑤𝑖 and determine whether
it is greater than threshold 𝛿3. If greater, retain the word and execute step �;
otherwise, filter out word 𝑤𝑖, set 𝑖 = 𝑖 + 1, and jump to step �.
� For words 𝑤𝑖 meeting the above threshold standards, first calculate the hashtag
rate, then comprehensively calculate their bursty topic degree, and determine
whether it is greater than threshold 𝛿4. If greater, retain the word and execute
step �; otherwise, filter out word 𝑤𝑖, set 𝑖 = 𝑖 + 1, and jump to step �.
� Add word 𝑤𝑖 to the event bursty topic word list 𝐵𝑇 𝑤𝑜𝑟𝑑, and finally output
all bursty topic words in that time window.
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By processing all words in the time window according to the above process,
retaining all words meeting the threshold as bursty topic words, these bursty
topic words have both high thematic expressiveness and can reflect the bursty
characteristics of events, thus effectively characterizing emergency events.

4.2 Emergency Event Detection (1) Microblog Text Feature Repre-
sentation Based on Bursty Topic Words

For any microblog text in a certain time window, we construct text feature vec-
tors based on the bursty topic word set 𝐵𝑇 𝑤𝑜𝑟𝑑 = {𝑤𝑜𝑟𝑑1, 𝑤𝑜𝑟𝑑2, 𝑤𝑜𝑟𝑑3, … , 𝑤𝑜𝑟𝑑𝑘}
in the current time window. The formal vector representation of microblog
texts is defined as follows:

text𝑖 = {𝑡𝑒𝑟𝑚𝑖1, 𝑡𝑒𝑟𝑚𝑖2, 𝑡𝑒𝑟𝑚𝑖3, … , 𝑡𝑒𝑟𝑚𝑖𝑘}

where text𝑖 represents the 𝑖-th microblog text, and 𝑡𝑒𝑟𝑚𝑖𝑘 indicates whether
the 𝑖-th microblog text contains the 𝑘-th bursty topic word, where 𝑡𝑒𝑟𝑚𝑖𝑘 = 1
means it contains the bursty topic word and 𝑡𝑒𝑟𝑚𝑖𝑘 = 0 means it does not. For
example, if the bursty topic word set in time window 𝑗 is {nurse, Nanjing, Yuan
Yaping, official, paralysis}, and the bursty topic words contained in microblog
text text𝑖 are {nurse, Nanjing, paralysis}, then text𝑖 can be represented as:
text𝑖 = {1, 1, 0, 0, 1}.

Drawing on the microblog text filtering principle in literature [18], we consider
that a microblog text describing an event should contain at least any 3 elements
of“5W1H.”However, element types are no longer distinguished in the microblog
text feature vector. Specifically, when applied to bursty topic word feature
vectors of microblog texts, they should contain at least 3 bursty topic words.
By removing all microblog texts containing fewer than 3 bursty topic words,
we can effectively reduce the sparsity of the microblog text–bursty topic word
matrix, improve the efficiency of emergency event detection, and simultaneously
ensure the completeness of detection results.

(2) Emergency Event Detection Algorithm Based on Agglomerative
Hierarchical Clustering

After feature representation of microblog texts, we find that users’language ex-
pressing emergency events on microblogs is relatively similar, showing a“onlook-
ing”phenomenon. Microblogs related to events generally appear concentrated,
and words in microblog texts usually revolve around certain event feature words
with high repetition rates. Therefore, we believe that the more bursty topic
words different microblog texts contain in common, the more likely they are
describing the same emergency event.

Regarding the selection of similarity calculation methods, using the Jaccard
coefficient method to determine the similarity between microblog text feature
vectors better conforms to the real situation of emergency event aggregation
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and can reflect the true similarity between microblog texts. Specifically, two
microblog texts discussing the same event should have relatively high overlap.
The specific Jaccard similarity calculation formula is as follows:

𝑆(text𝑖, text𝑗) = |text𝑖 ∩ text𝑗|
|text𝑖 ∪ text𝑗|

where 𝑆(text𝑖, text𝑗) is the similarity between two microblog texts, text𝑖 repre-
sents the microblog text feature vector, text𝑖 ∩ text𝑗 represents the intersection
of text𝑖 and text𝑗, and text𝑖 ∪ text𝑗 represents the union of text𝑖 and text𝑗.

The process of the agglomerative hierarchical clustering-based event detection
algorithm is as follows:

� Input the microblog set of time window 𝑗, represent microblog texts as bursty
topic word feature vectors, denoted as text𝑖, filter out vectors text𝑖 with fewer
than 3 bursty topic words, and form the microblog text–bursty topic word ma-
trix 𝐷.
� Initialize each microblog text feature vector as a class, calculate pairwise simi-
larity values 𝑆𝑖,𝑗 of microblog text feature vectors using the Jaccard coefficient,
and construct the microblog text similarity matrix 𝑆.
� Find the maximum value max{𝑆𝑖,𝑗} in similarity matrix 𝑆.
� According to the merging rules of hierarchical clustering, merge event class 𝑖
and event class 𝑗 into a new vector, simultaneously recalculate the similarity
between this new vector and existing event class vectors, and readjust similarity
matrix 𝑆.
� Determine whether the number of columns or rows in matrix 𝑆 meets the
preset threshold. If satisfied, execute step �; otherwise, jump to step �.
� Through this clustering process, all microblog texts are finally clustered into
𝑛 clusters. Map microblog text feature vectors text𝑖 back to original microblog
texts and output the final clustering results, where each cluster represents an
emergency event.

5. Experiments and Results Analysis

5.1 Experimental Data Source and Evaluation Metrics (1) Data
Source and Preprocessing

In the research field of emergency event detection for microblog data, there is
currently no internationally recognized standard test corpus. The experimental
data in this paper comes from Sina Weibo, with data crawling implemented
through a microblog crawler based on its open platform API. Limited by the
frequency and quantity restrictions of the API interface, only partial data from
Sina Weibo was obtained (over 1.8 million microblog posts from February 25 to
March 11, 2014). From an experimental perspective, these microblog data can
serve as a sample representative of the complete data to support the experimen-
tal analysis and research in this paper.
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Microblog data is filled with substantial spam and noise information, which
can seriously impact emergency event detection results. Before conducting
emergency event detection on microblogs, preprocessing of microblog data is re-
quired, including noise filtering, traditional/simplified Chinese conversion, word
segmentation, stop-word processing, and part-of-speech filtering. Noise in mi-
croblogs mainly includes @XXX noise, URL link noise, and emoticon symbols.
This paper sets regular expressions for specific noise types to filter them. Fur-
ther, according to the “Common Standard Chinese Characters Table”[22],
all traditional characters and their corresponding simplified characters are ex-
tracted to respectively construct the“Traditional Chinese Characters Table”and
“Simplified-Traditional Chinese Characters Correspondence Table”to achieve tra-
ditional/simplified Chinese conversion of microblogs. Subsequently, the NLPIR
Chinese word segmentation system [23] is used for microblog word segmentation,
and part-of-speech filtering is implemented based on its annotations, retaining
nouns and verbs. Finally, a stop-word list is used to filter stop words through
vocabulary matching, completing the preprocessing of microblog data.

(2) Experimental Results Evaluation Metrics

� Bursty Topic Word Extraction Evaluation
Traditional evaluation metrics include three parameters: Precision, Recall, and
F-measure. Since it is impossible to obtain all bursty topic words in the current
time window, Recall is difficult to calculate directly. Therefore, this paper uses
words that are correctly extracted as bursty topic words without filtering by the
bursty topic degree average threshold 𝛿4 in the current situation as the overall
bursty topic words of that time window to calculate recall. Words extracted un-
der the condition of meeting threshold 𝛿4 are considered the final words needed
for the experiment. Precision, Recall, and F-measure are used for evaluation.
Whether bursty topic words are correctly extracted is manually judged by de-
termining whether the extracted bursty topic words in that time window can
describe or summarize emergencies occurring in real life. The specific evaluation
formulas are as follows:

Precision(𝐵𝑇 𝑤𝑜𝑟𝑑) = 𝑘
𝐾

Recall(𝐵𝑇 𝑤𝑜𝑟𝑑) = 𝑘
𝑆

F-measure(𝐵𝑇 𝑤𝑜𝑟𝑑) = 2 × Precision × Recall
Precision + Recall

where Precision(𝐵𝑇 𝑤𝑜𝑟𝑑) represents the precision of bursty topic word extrac-
tion, Recall(𝐵𝑇 𝑤𝑜𝑟𝑑) represents the recall of bursty topic word extraction, 𝑘
represents the number of correctly extracted bursty topic words in the current
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time window, 𝐾 is the total number of bursty topic words extracted in the cur-
rent time window, and 𝑆 is the total number of correctly extracted bursty topic
words among all words not filtered by the bursty topic degree average threshold
𝛿4.

� Emergency Event Detection Evaluation
For emergency event detection results, since emergencies occurring in real life
cannot be known in advance, i.e., the total number of all emergency events in
microblogs within a certain time window is difficult to obtain beforehand, the
recall of this result cannot be directly calculated. Therefore, this experiment
only selects precision to evaluate whether the detected emergency events are
correct. The experimental detection results of emergency events are manually
compared by judging whether the detected emergency events reflect real emer-
gencies. If they do, they are considered correctly identified; otherwise, they are
considered incorrect. The emergency event detection evaluation formula is as
follows:

Precision(event) = 𝑒
𝐸

where Precision(event) is the precision of emergency event detection, 𝑒 repre-
sents the number of correctly detected emergency events in the current time
window, and 𝐸 is the total number of emergency events detected in the current
time window.

5.2 Bursty Topic Word Extraction Experiments and Results Analysis
For bursty topic word extraction of events in microblog texts, this paper selects
four types of features: word frequency, document frequency, hashtag rate, and
word frequency growth rate, as shown in Table 1 . Five groups of feature combi-
nation calculation methods are designed for comparative experiments to demon-
strate the effectiveness of the selected feature calculation methods. Method 1 is
used to examine the impact of the four-feature combination calculation method
on bursty topic word extraction, while Methods 2 to 5 are used to analyze the
impact of word frequency growth rate, hashtag rate, document frequency, and
word frequency calculation methods on bursty topic word extraction.

Table 1. Comparative Design of Feature Calculation Method Combinations
for Bursty Topic Words

Feature Calculation Method Combination
Word frequency, Document frequency, Hashtag rate, Word frequency growth
rate
Word frequency, Document frequency, Hashtag rate
Word frequency, Document frequency, Word frequency growth rate
Word frequency, Hashtag rate, Word frequency growth rate
Document frequency, Hashtag rate, Word frequency growth rate
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Using “day”as the time window, experiments were conducted with data from
February 25 to February 27, 2014. The adjustment coefficients in the word
frequency growth rate calculation formula were set as 𝜆1 = 0.5, 𝜆2 = 0.5, and
the word frequency growth rate threshold 𝛿3 = 0.5. The statistical results
of bursty topic word extraction for February 27 data under different feature
calculation methods are shown in Figure 2 [Figure 2: see original paper].

According to Figure 2, comparing Method 2 with Method 1, both precision
and recall decrease significantly, indicating that the word frequency growth rate
calculation method is particularly important for extracting bursty topic words.
Using word frequency growth rate to judge the bursty characteristics of words
can improve the precision and recall of bursty topic word extraction. The results
of Methods 3 to 5 demonstrate the effectiveness of hashtag rate, document
frequency, and word frequency calculation methods in this method. Comparing
precision shows that word frequency contributes most to improving precision,
followed by document frequency and hashtag rate. From the recall perspective,
document frequency can enhance a word’s importance and make it more likely
to be selected as a bursty topic word. Overall, Method 1, which combines these
four features, clearly achieves the best experimental results.

5.3 Emergency Event Detection Experiments and Results Compari-
son Analysis This experiment verifies the feasibility of the emergency event
detection algorithm by dividing different time windows and using the four-
feature combination calculation method to extract bursty topic words within
time windows. This part of the experiment selects agglomerative hierarchical
clustering algorithm and K-means algorithm for clustering and comparison. Us-
ing “day”as the time window and taking data from February 27, 2014 as an
example, the number of clusters was set to 5, 10, 15, and 20 for experiments.
Precision was used to evaluate the emergency event detection effect based on
clustering methods. The final statistical results are shown in Figure 3 [Figure
3: see original paper].

According to the experimental results, in terms of emergency event detection
algorithm, agglomerative hierarchical clustering outperforms K-means. When
the number of clusters 𝐾 is set to 10, the accuracy rate of emergency event
detection reaches 80%, obtaining a relatively optimal result. As 𝐾 increases,
the accuracy rate decreases. Analysis of experimental data and results reveals
that an emergency event may involve multiple aspects of content. When 𝐾 is
excessively large, an emergency event may be divided into multiple fine-grained
side information pieces related to the event but unable to become independent
events, and these side information clusters may not be emergency events.

The experiment achieved good results, which the authors believe mainly stem
from the following aspects:

(1) Addressing the issue that bursty features are easily affected by noise
data in microblogs, we studied noise processing methods on microblogs.
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Through traditional/simplified Chinese conversion, filtering of @XXX sym-
bols, URL links, and emoticon symbols, part-of-speech filtering, and stop-
word processing, we effectively improved microblog text quality, providing
better data support for emergency event detection.

(2) Fully utilizing the bursty patterns of bursty features and combining mi-
croblog’s inherent Hashtag attribute, we proposed a dynamic threshold-
based bursty topic word extraction algorithm. Selecting word frequency,
document frequency, hashtag, and word frequency growth rate calcula-
tion methods, the designed extraction algorithm can effectively screen
high-quality bursty topic words with both thematic expressiveness and
bursty characteristics from a large number of words. Moreover, dynami-
cally adjusting the word frequency growth rate threshold can obtain dif-
ferent numbers of bursty topic words, thereby affecting the number of
detected emergency events.

(3) Based on bursty topic words, we represented microblog texts as feature
vectors, combined with set filtering strategies to retain effective microblog
vectors, used Jaccard similarity coefficient to calculate similarity between
microblog feature vectors, better reflecting the similarity between emer-
gency event texts. On this basis, we used agglomerative hierarchical clus-
tering to achieve emergency event detection, ensuring the feasibility and
effectiveness of emergency event detection.

6. Conclusion

This study takes microblog as the research platform, conducts research on emer-
gency event detection, designs and implements a bursty feature-centered emer-
gency event detection method combined with microblog characteristics, and
performs bursty topic word extraction and emergency event detection experi-
ments, achieving high precision. Due to limitations in corpus data and research
scope, the study has not yet achieved automatic description of detected emer-
gencies, and the analysis and consideration of elements such as netizens’user
sentiment features and semantic relationships between events, which are impor-
tant for emergency event detection, remain inadequate. Therefore, future work
will further attempt to combine netizens’user sentiment features and semantic
relationships between events to assist emergency event detection research on
microblog platforms, expecting to obtain better detection results.
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EBSCO Information Services Assists Global Researchers in Studying
the Belt and Road Trade Initiative Across Multiple Regions

EBSCO has recently launched an authoritative international Belt and Road
reference resource database, collecting journals and publications from over 60
countries. This Belt and Road reference resource database helps researchers
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better understand the cultural and economic conditions of countries along the
Belt and Road and discover new trade opportunities.

The Belt and Road Initiative is a trade and economic growth strategy proposed
by the People’s Republic of China. The initiative aims to further connect
mainland China with Western European trade partners along the Belt (the
“New Silk Road”) through the development of the Maritime Silk Road. The
upcoming maritime improvement strategies include new freight infrastructure
and regional port construction to support overseas shipping initiatives.

EBSCO’s Belt and Road reference resource database provides over 5,300 full-
text journals, including many hard-to-find local publications from Belt and
Road countries. The database also includes nearly 65 full-text newspapers and
over 270 reports and conference proceedings. Building this database is another
measure of EBSCO’s commitment to global academic research. By providing
high-quality content, the Belt and Road reference resource database can offer
researchers both global and local perspectives in a multi-country environment.

The database covers multidisciplinary content with a wide range of sources, in-
cluding: Journal of Architecture and Civil Engineering (China), Journal of Sur-
veying, Construction and Property (Malaysia), Educational Sciences (Turkey),
Journal of Theoretical and Applied Information Technology (Pakistan), Biomed-
ical Chemistry (Russia), GSTF Journal of Mathematics, Statistics and Opera-
tions Research (Singapore), China Economist (China), and many others.

For more information about the Belt and Road reference resource database,
please visit: https://www.ebscohost.com/academic/one-belt-one-road-
reference-source.
(Compiled from: https://www.ebsco.com/news-center/press-releases/ebsco-
information-services-helps-global-researchers-prepare-for-the-one-belt)
(Journal News)

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.
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