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ABSTRACT: Weibo is an extensively used social network
tool in China and has become a popular platform for di-
saster information management. This popular
microblogging service offers massive firsthand informa-
tion regarding the state and emotions of victims in a di-
saster situation. Identifying negative sentiment messages
from the large-scale and noisy Weibo stream is a funda-
mental and challenging undertaking. Therefore, based on
the characteristics of negative Weibo messages concern-
ing disaster events, a novel feature selection algorithm
called combined frequent pattern (FP)-growth and mutual
information theory (CFM) algorithm, was proposed to im-
prove the traditional machine learning approaches in this
study. The CFM algorithm mined two FPs via FP-tree,
and the mutual information between two frequent items
was calculated to determine the most frequent and tight
features for negative-sentiment Weibo messages detec-
tion. After that, the experimental analysis was conducted
to test the proposed novel feature selection algorithm and
to explore a suitable sentiment classifier for disaster-re-
lated Weibo messages. The analysis employed actual
disaster-related Weibo message data set, which included
2,913 negative messages and 2,913 un-negative mes-
sages. Results demonstrate that the CFM algorithm per-
forms well in the feature selection process. In particular,
this algorithm exhibits the best performance in the sup-
port vector machine classifier with 89.34% accuracy.
Therefore, the CFM algorithm is an efficient feature se-
lection algorithm for negative-message classification in a
post-disaster situation. This algorithm also offers a novel
method to reduce the feature dimension in other text clas-
sification areas.
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1. Introduction

Weibo is a popular Chinese social media platform, and
can be an extensive and a practical investigatory basis of
crowd-sourced emergency event information. One of the
important applications based on the big data from social
media platform is prediction for the coming events [1].
People post their state of mind and opinions concerning
disasters via this microblogging service that can offer real-
time information on emergency situation awareness [2,
3].

The rapid development of information technology has
resulted in an increasing number of people relying on smart
phones and social media to disseminate information on
disaster situations [4, 5]. For example, the American Red
Cross [5] reported that nearly 28% of Americans send
related messages after disasters via social media
platforms, and approximately 40% prefer to contact their
relatives through social media if they have been affected
by a disaster.  Kdnet Cloud Intelligence System reported
hat one week after the Yuyao flooding, which occurred on
October 7, 2013; over 300,000 related queries were
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recorded on Weibo [7]. This popular platform was used t
by many victims to seek assistance by posting related
microblogs and comments regarding the rescue efforts of
authorities. Accordingly, the messages that aim to seek
assistance are valuable to relief workers [8, 9]. However,
complaints and comments from victims are also meaningful
in investigating their fear and dissatisfaction. Such
investigation can be applied to potential crisis detection.
Thelwall et al. [10] explained that negative reviews and
comments have intense and evident effects on the coverage
of crises on Twitter. Similar findings [11, 12] noted that
investigating the negative emotions of citizens is highly
critical to prevent a social crisis in a post-disaster situation.

Therefore, the present study focused on the detection of
negative Weibo messages and explored a novel feature
selection algorithm called combined frequent pattern (FP)-
growth and mutual information theory (CFM) algorithm.
These undertakings aim to identify efficiently disaster-
related negative Weibo messages from massive and noisy
microbloggings stream by improving traditional machine
learning classifiers.

The remainder of this paper is organized as follows. In
Sections 2, we described the related works about
microblogging sentiment analysis. Next, we described the
key ideas about FP-growth method and MI theory and
introduced the main structure of the proposed CFM
algorithm in Section 3. Section 4 presented a real world
experiment to evaluate the performance of the new model,
and then conclusions were summarized in Section 5.

2. Related Works

To date, several researchers have focused considerable
attention on microblogging sentiment analysis in disaster
situations, such as hurricane [13] and gas explosion
events [14]. Both of the two studies [13, 14] used machine
learning methods to conduct sentiment analysis of English
Twitter data. However, the majority of Chinese researchers
disregarded this study area. Bai et al. [15] developed a
disaster monitor system (named SWIM) to detect
disasters in time on the base of Chinese Weibo. Qu et al.
[16] and Zhou et al. [17] studied Chinese Weibo messages
after the Yushu (Qinghai, China) earthquake. Qu et al.
conducted research on the content, trend, and diffusion
path of post-disaster Weibo messages. Zhou et al.
classified post-disaster Weibo messages using the Bayes
model for disaster response. However, both studies ignored
the study on post-disaster microblogging sentiment
analysis.

Fortunately, the available studies on text sentiment
analysis are extensive [18]. Many early researchers on
sentiment analysis focused on long text classification,
such as news and reports. The rapid development of
microblogging services has resulted in an increasing
number of researchers attempting to introduce online
network information sentiment analysis techniques (e.g.,

natural language processing and machine learning) into
short text sentiment analysis. Mostafa [19] studied several
 customer tweets and determined that they had positive
and negative sentiments on different popular products.
Thewall et al.(2011) [20] proposed that the emotional
strength of Twitter users can change during an emergency
situation. In general, microblogging sentiments can be
identified using three main methods, namely, emotion
word dictionary-based, rule-based, and machine learning
methods [21]. Emotion word dictionary-based method
needs a good dictionary, whereas the rule-based method
is suitable for insufficient data. Thus, many researchers
have adopted machine learning technology to select
suitable features and to classify microblogging messages.
The feature-based machine learning method has been
proven powerful in microblogging sentiment analysis.
Thus, the current study opted for the feature-based
machine learning method to perform Weibo sentiment
analysis.

Sentiment analysis researchers traditionally tend to
classify corpus into two classes (i.e., subjective and
objective) or three classes (i.e., negative, positive, and
neutral). The current study defined all the objective,
positive, and neutral messages as un-negative messages
to effectively filter out the negative Weibo messages from
the large-scale, noisy Weibo data flow. Thus, the
classification algorithms can work well by transforming a
multiple classification problem into a binary classification
process.

We determined that the negative messages are apparently
short by closely analyzing the real messages. These
negative messages also frequently contain negative mood
words, as well as punctuations and emoticons, such as
“sad,” “disgusting,” “? “ and “ .” The majority of Weibo
users also prefer using several negative features to
emphasize their negative emotions. Hence, this study
used the aforementioned characteristics of the negative
Weibo messages concerning disaster events to introduce
mutual information (MI) theory into the frequent pattern
(FP)-growth algorithm. The CFM algorithm was also
boosted for disaster-related Weibo message detection.

3. Method

The FP-growth algorithm is highly efficient infrequent item
set mining [22, 23]. This algorithm has been proven to be
slightly redundant but highly effective while dealing with
large-scale data sets. MI is a classic approach that
measures the extent of one random variable’s association
with another variable [24]. MI is defined as a dimensionless
quantity and can be considered a reduction in uncertainty
in one random variable given knowledge of another variable.
This study proposed the CFM algorithm, which can work
out the top frequent and tight features to build suitable
features set by integrating the essential features of the
FP-growth algorithm and MI.
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3.1 FP-growth
The FP-growth algorithm, which was developed by Han et
al. (2000), is an alternative method to determine frequent
item sets of FPs without using candidate generations.
Thus, this algorithm is considerably efficient and scalable.
The FP-growth algorithm uses a divide-and-conquer
strategy, that is, it compresses and stores crucial
information on FPs using an extended prefix-tree structure
(i.e., FP-tree). Using this structure can facilitate the
retention of the item set association information.

The FP-growth algorithm functions as follows. First, an
FP-tree is built by compressing the input database to
represent frequent items. Second, the compressed
database is divided into a set of conditional databases;
each conditional database is an FP. Finally, all databases
need to be mined separately. However, our study
determined that looping all FPs is no longer necessary.
Thus, we introduced MI to select the features with high
interactivity by calculating the interaction between two
features.

3.2 Mutual Information
MI is a practice algorithm in probability
theory and information theory studies [25]. Moreover, this
algorithm is a measurement method applied to the mutual
dependence of variables. MI determines the similarity of
the joint distribution p(x, y) based on the products of the
factored marginal distribution p(x) and p(y). Thus, it is not
limited to real-valued random variables, such as correlation
coefficient. This meaningful advantage leads to the
extensive use of MI.

The MI of two discrete random variables X and Y can be
defined as follows:

                              (1)

where p(x) is the marginal probability distribution function
of X,  p(y) is the marginal probability distribution function
of Y, and p(x, y) is the joint probability distribution function
of X and Y.

For continuous random variables, we can obtain the
following equation:

                         (2)

where p(x) and p(x)  are the marginal probability density
functions of X and Y, respectively; and p(x, y) is the joint
probability density function of X and Y.

If X and Y are independent and , then:

                                        (3)

3.3 Combinational FP-growth–MI algorithm
Once the Weibo messages concerning disaster events
are identified, sentiment analysis on all related messages

should be conducted to filter the negative messages.
Analyzing actual disaster-related Weibo messages en-
abled us to determine that the negative messages are
apparently short. These negative messages also fre-
quently contain negative mood words. This study devel-
oped a useful approach to improve the effectiveness and
efficiency of the sentiment classifier about disaster-re-
lated negative messages. This approach involves select-
ing the suitable feature combination from the online text
stream. In general, the proper features have the following
properties. (1) The well-represented features have a high
frequency in the messages and tend to appear in the text
together. Therefore, FPs exist in the corpus. (2) Different
features have strong relationships. Therefore, we fused
an FP mining method, namely, FP-growth algorithm, with
MI to construct the suitable feature combination.

We defined MI between two features by a typical MI theory
as follows:

                                     (4)

where p(wi) and p(wj) mean feature wi and feature wj
appearance probability, respectively; and p(wi, wj) means
the appearance probability of the two features. If the corpus
is R, then:

                                    (5)

where C(wi) means the microblogging counts, including
feature wi; C(wj)means the microblogging counts,
including wi; and C(wi, wj) means the microblogging
counts, including feature wi and feature wj.

We integrated all emoticons, punctuations, and negative
lexicons (from DUTIR) to ensure that we did not disregard
any significant feature in building the initial negative
sentiment feature set E. We also collected and manually
labeled approximately 20 00 negative Weibo messages
from the Yushu earthquake data set as our initial negative
microblogging corpus F.

In summary, the conjoint algorithm based on the FP-
growth and MI algorithms can be described as follows:
• Corpus F is scanned by the feature set E  to build the
initial feature set E.
• FP list L is developed, and an FP-tree is constructed.

• Corpus F is scanned again to mine the two FP set P.

• The MI of each p(wi, wj) is calculated from P using
Equation. (4). If MI (pi, pj) > ϕ, then it is placed into the
new feature set  E.
• The preceding step is repeated until the two FPs are
determined.
•  All the features in  E’ are reordered via the frequency,
and top(k) features are selected after that as our best
feature combination.
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4. Experiments and Results

4.1 Experimental data set
First, a test data set was assembled to test the
performance of the algorithm above (Combinational FP-
growth–MI algorithm). We focused on three severe
disasters(including Ya’an earthquake, Beijing rainstorm,
Yuyao flooding) that recently occurred in China, and
gathered the Weibo messages related to these disasters
by submitting keyword queries, such as “earthquake” and
“flooding,” to the Sina Weibo open platform (http://
open.weibo.com/). We gathered all messages, including
disaster keywords posted three days after the disaster
event occurred, and considered different durations for
different disasters. Finally, 36,128 Weibo messages
concerning the three disasters (i.e., Ya’an earthquake,
Beijing rainstorm, and Yuyao flooding) were retrieved.
However, a part of these Weibo messages was repeated,
particularly the news and reports. Therefore, we retained
the first messages and removed all the repeated messages
that followed. Table 1 shows that 28,696 Weibo messages
were retained after this elimination process. This data set
was incomplete because we merely collected the
messages, including the queried keywords. However, we
aim to obtain and classify the negative messages; thus,
collecting all the concerned messages is no longer
necessary. Table 1 provides the details of the three recent
disasters and the corresponding number of relevant and
negative messages.

We manually selected and labeled all the negative Weibo
messages in the disaster-related Weibo messages data
set to test the new algorithm performance, as well as
explore a suitable classification approach for the negative
disaster-related Weibo message detection. Finally, we
obtained a negative Weibo message data set, including
2,913 messages. After that, we randomly assembled
another un-negative Weibo data set, including 2,913
messages from the rest of the disaster-related data set.
Hence, an entire disaster-relevant sentiment analysis
experimental data set was built. This data set comprises
2,913 negative messages and 2,913 un-negative
messages.

4.2 Results
The content of the Weibo messages in our data set was
rough, and massive noisy information exists, including
HTML marks, photos, and URL. These noisy contents
were unnecessary in our study and may increase the
complexity of the classification process. We extracted
the basic information of a particular message, including
username, posting time, and text details, from a single
message for our succeeding analysis to highlight the useful
contents in this message. After that, we performed word
segmentation for the succeeding feature selection process
and excluded the stop word pre-processing. The sentence
in the Weibo messages was divided into words after word
segmentation. The remaining word sequences could stand
well for the experimental microblogging because the noisy
information and stop words have been removed. However,

Figure 1. Top-k test results

Figure 2. Nonzero vectors proportion

Figure 1 shows that each classification method can have
the best performance when the combination includes ap-
proximately 550 features. We could also determine that
the curves have plateaued and slowed down. This obser-
vation possibly means that additional features would not
improve the accuracy of the classifiers.

We were unsure if the top-550 features could consider-
ably stand for experimental microblogging. If an exces-
sive number of microblogging exists without including the
features comprising the top-550 features set, then many
zero vectors would be shown in the experiment and the

we retained the punctuations and emoticons, which were
crucial to the experiment. The experimental messages
were vectored with the remaining words, punctuations,
and emoticons through the aforementioned process.

We used corpus F (including approximately 2,000 negative
Weibo messages) to analyze the best feature combination
with the novel CFM algorithm. Previous studies on
microblogging sentiment analysis often adapted support
vector machine (SVM), K-nearest neighbor (KNN), and
naïve Bayes (NB) classifiers. Thus, we compared these
three traditional classification methods to determine our
best feature combination for the CFM algorithm. Figure 1
shows the experimental results.
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classification results would be considerably affected.
Therefore, we calculated the non-zero vector percentages
to test the negative Weibo message (including 2,913
messages) counts with increasing number of k counts.
Figure 2 presents the results.

Figure 2 shows that although the non-zero vectors
proportion continued increasing as the k counts increased
to the 450 k count mark, only small gains were increasing
after that. In this experiment, the top-550 negative features
were selected to be the best negative feature combination
for classification. The zero vectors that appeared via this
process were gathered and sent to the same classifier
based on unigrams to improve the classification accuracy.

We randomly selected 90% of the pre-processed
microblogging to be the train dataset, and the remaining
10% of the pre-processed messages were used as the
test data set. Previous studies on text sentiment analysis
have proven the good performance of SVM, which is the
category of discriminative classification method; KNN,
which is a lazy learning algorithm calculating the closest
training examples in the feature space; and the generative
classifier NB. Hence, we applied our new feature selection
algorithm and two other classic feature selection
approaches, including term frequency–inverse document
frequency (TF–IDF) and information gain (IG), on SVM,
KNN, and NB. Table 2 shows the accuracies of each
portfolio.

The experimental result showed that this new method
exhibited an excellent performance on disaster-related
negative Weibo message detection process. Compared
with the traditional TF–IDF and IG algorithms, which have
been proven to be powerful tools in Chinese short text
classification, the proposed new algorithm in this study
performed better than the other algorithms when it worked
with all the classifiers. Also, the CFM algorithm could
obtain the highest accuracy of 89.34% based on the SVM
classification method. This result is considered good in
the Chinese short text sentiment analysis area.

Disaster events Location Data Disaster concerned Weibo number Negative Weibo number

Ya’an earthquake Ya’an                 2013/04/20                        13251                  1318
Beijing rainstorm Beijing                2012/07/21                          5517                    539
Yuyao flooding Yuyao                2013/10/07                         9928                  1056
                                   Sum                                                          28696                   2913

Table 1. Disaster events and data set details

SVM KNN Naïve Bayes

CFM 0.8934 0.8273 0.8500
IF-IDF 0.8719 0.8154 0.8425
IG 0.8126 0.7288 0.8061

Table 2. The accuracies of each portfolio

5. Conclusion

Given the large-scale applications of smartphones and
social media in China, a mass of relevant Weibo
messages inevitably swarms once a severe disaster
occurs. However, the actual Weibo messages are massive
and noisy. The need to rapidly and efficiently detect
negative-sentiment messages requires studying the proper
feature selection methods and classifiers. Therefore, all
objective, positive, and neutral messages are defined as
un-negative messages by the tight connection between
crises in post-disaster situations and universal negative
emotions. After that, we combined the FP-growth algorithm
and MI to develop a novel feature selection method called
CFM algorithm, which offers top-550 negative features to
be the suitable feature combination.

To test the performance of the new method and construct
an excellent classifier for disaster-related Weibo message
sentiment analysis, we compared the accuracies of the
different classification algorithms (i.e., SVM, KNN, NB)
with those of the proposed algorithm in this study (CFM)
and the two other common feature selection methods (i.e.,
TF–IDF and IG). The results based on the data set
(including 2,913 negative messages and 2,913 un-negative
messages) concerning the three actual disasters show
that CFM is a good feature selection method for disaster-
related negative Weibo message classification. The SVM
classifier with the new feature selection algorithm can
obtain the best performance with an accuracy of 89.34%.
Hence, the proposed model can be used as a valuable
rapid dimensionality reduction tool to conduct a
classification of disaster-related Weibo messages
sentiment analysis in a limited decision time.

The negative Weibo messages can also be used to predict
other potential crises in post-disaster situations. This
scenario should be implemented in the future. In the case
of the CFM model, its application is restricted to
classifying disaster-related negative Weibo messages.



                      Journal of Digital Information Management   Volume   14    Number    2       April    2016                               141

Therefore, we should consider exploring the measures for
improvement to strengthen the generalizability of the CFM
algorithm in the future.
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