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論文摘要 

 

論文題目：運用短文件分類技術改良微網誌政府服務之研究 

作者：雷智宇                                                 101 年 7 月 

指導教授：陳建錦 博士 

 

 

    Web2.0 的興起提供了政府以及市民們一條直接溝通的管道。近年來此項技術中，

微網誌服務如推特(Twitter)已經成為了當今最熱門的應用之一。許多政府服務也在一些

議題中利用微網誌從社會大眾蒐集各式各樣的見解。一般來說，市民們對於可以利用這

類媒體來訴求他們的意見感到滿意進而提升人民對政府的信任程度。然而，隨著近年來

微網誌的數量呈現指數型成長，因此勢必需要運用文字探勘相關技術來有效率的分析這

些大量短文章。在這篇研究中，我們對於微網誌政府服務提出了一個有效率的分類架構。

為了去解決微網誌的資料稀疏性問題，運用外部知識庫以及微網誌本身提供的時間資訊

來修改原始貝式分類模型中的事前以及條件機率。利用 311NYC 資料集的實驗顯示出

我們所提出的分類架構可以準確的分類市民對於政府服務的見解，並且對貝式分類模型

有顯著的改善。 

 

關鍵字：電子化政府、文字探勘、分類 
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    The prevalence of Web2.0 techniques enables governments and citizens to communicate 

in a direct manner. Among the current Web2.0 applications, micro-blogging services, such as 

Twitter, are the most popular and many government services now exploit micro-blogs to 

collect opinions from the public on a range of issues. Generally, citizens are satisfied with this 

medium for expressing their opinions; however, as the number of micro-blogs is increasing 

exponentially, text mining is needed to analyze the opinions efficiently. In this paper, we 

propose an efficient classification framework for micro blog-based government services. To 

address the text sparseness problem of micro-blogs, an external knowledge base and the 

temporal information of micro blogs are used to modify the prior and conditional probabilities 

of the Naive Bayes classification model. Experiments based on the 311NYC dataset show that 

the proposed framework classifies citizens’ opinions about government services correctly, and 

it achieves a significant improvement over the Naive Bayes model. 

Keywords : E-Government, Government2.0, Text Mining, Classification 
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1. Introduction 

Because of the prevalence of Web2.0 techniques, the World Wide Web(WWW) has 

become a huge information source. In contrast to the traditional Web, where users passively 

read content created by website owners, Web2.0 enables individuals to serve as information 

providers and express opinions about different issues. The Web has thus become a knowledge 

base for various applications (Craven et al. 2000), and governments have found that they can 

exploit it to facilitate communications with the public about government services (Wigand 

2010). In the past, there was a lack of efficient communication channels, but various Web2.0 

applications, such as micro-blogs and social media, can now provide instant and efficient 

communications between governments and citizens. The techniques have also motivated the 

development of the Government2.0 paradigm, which refers to the use of Web2.0 technologies 

to publicize and commoditize government services (Nam 2011). Specifically, Government2.0 

aims to establish direct and instant communication channels between governments and 

citizens through online comments, live chats, and message threads. Depending on the 

characteristics of specific services, governments can choose the technique that is most 

convenient people to use (Nam 2011). 

Among current Web2.0 techniques, micro-blogging is the most popular application. 

Micro-blogging is a new weblog formalism that enables users to exchange information 

through short messages (Java et al. 2007). In Nielsen’s 2009 survey on the size of the Internet 

community1, Twitter2 achieved the largest community growth rate, and it is now the most 

                                                 
1 http://blog.nielsen.com/nielsenwire/online_mobile/twitters-tweet-smell-of-success/ 
2 http://twitter.com 
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famous micro-blogging platform. As shown in Table 1-1, Twitter’s growth rate between 2008 

and 2009 was1382%, which was far greater than that of other Internet communities. 

 

Table 1-1The most popular social network communities growth rate in 08-09. 

Rank Site Feb 08 Feb 09 % growth 

1 Twitter.com 475,000 7,038,000 1382% 

2 Zimbio 809,000 2,752,000 240% 

3 Facebook 20,043,000 65,704,000 228% 

4 Multiply 821,000 2,394,000 192% 

5 Wikia 1,381,000 3,758,000 172% 

 

The main reason for Twitter’s popularity is its availability (Sankaranarayanan et al. 

2009). Since mobile computation is ubiquitous, users can send tweets (i.e., short messages) 

anytime anywhere through various mobile devices (e.g., cell phones). In addition, the 

restricted length of tweets (i.e., no more than 140 characters) forces users to express opinions 

in a clear and concise manner. Twitter’s friendly interface also motivates users to form virtual 

communities. Because the communities are quite different from people’s normal social circles 

in the real world, users generally acquire different information from Twitter. This subculture 

and various properties explain the huge success of Twitter (Sankaranarayanan et al. 2009). 

Java et al. (2007) investigated the topological and geographical properties of Twitter, and 

found that users rely heavily on tweets to communicate their daily activities and share the 

latest information. 

Many governments are aware of the merits of tweeting and now utilize it in various 

government services (Wigand 2010). The increasing usage of Twitter appears to be associated 

with the fact that it is free and it provides instant communications (Wigand 2010). For 

instance, New York City extended its 311 system with Twitter3 so that citizens can submit 

questions about the city’s facilities or request help from a facility. City officials provide 

                                                 
3 https://twitter.com/#!/311NYC 



 

9 
 

instant feedback and address users’ requests in a timely manner. NASA also utilized Twitter 

to publicize the MarsPhoenix landing project4. The service attracted nearly 160,000 followers 

who helped NASA share information about the progress of the mission. 

Although there are many advantages in using Twitter to communicate about government 

services, there is a risk of information overload. As the membership of Twitter is growing 

exponentially, the number of daily tweets about government services may be too large for 

officials to handle manually. Thus, there is an urgent need for text mining techniques to 

manage the large volume of tweets. Text classification is a classic text mining method for 

managing a vast number of documents (Manning et al. 2008). Given a set of categories and 

the corresponding training documents, a classification algorithm learns a classifier, which 

then assigns new documents to the appropriate categories automatically. Many effective 

classification algorithms have been proposed for classifying documents, but they may not be 

suitable for tweet classification because tweets are short (Phan et al. 2008; Chen et al. 2011). 

Hence, the text sparseness of tweets would reduce the classification accuracy.  

In this paper, we modify the Naive Bayes classification model (Manning et al. 2008) to 

classify the daily tweets of government services. To resolve the text sparseness problem, we 

extend training tweets with Wikipedia5, the biggest online encyclopedia. In addition, we 

model the temporal patterns of tweets to refine the prior probability of our naive Bayes 

classifier. Besides, we also apply two kinds of different smoothing techniques to leverage the 

temporal distribution. In addition to using Wikipedia as the external knowledge base, we take 

user contents (e.g., the tweets posted by users) which are not directly reported to 311NYC into 

consideration. Finally, we apply wordNet6, which is a large lexical database of English, to 

reformulate the conditional probabilities of Naïve Bayes model. Evaluations based on the 

NYC 311 Twitter service show that the proposed approach classifies daily tweets accurately. 

                                                 
4 https://twitter.com/#!/MarsPhoenix 
5 http://www.wikipedia.org/ 
6 http://wordnet.princeton.edu/ 
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It also alleviates the text sparseness problem. 

The remainder of the paper is organized as follows. In Section 2, we discuss the concept 

of Government2.0 and review related works on short text classification methods. The 

proposed classification approach is presented in Section 3, and its performance is evaluated in 

Section 4. Then, in Section 5, we present our conclusions. 
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2. Related Works 

In this section, we consider the theories that explain why governments are eager to 

exploit Web2.0 techniques in government services. We also review a number of short text 

classification methods and many studies of using WordNet to improve text classification 

performance. 

2.1  Government Services and Web2.0 Techniques 

    Two theories support the adoption of Web2.0 techniques in government services, namely, 

the theory of social influence and the theory of collective intelligence. Social influence exists 

when an individual's thoughts, feelings, and actions influence his acquaintances and vice 

versa. Kelman (1958) defined three kinds of social influence: compliance, internalization, and 

identification. Compliance means that people appear to agree with others, but they have 

dissenting opinions that they keep to themselves. By contrast, internalization means that 

people agree with others totally. Identification means that individuals are influenced by 

people they like or respect. Basically, social influence brings people together to form 

communities. As Web2.0 techniques encourage the development of social communities, 

adopting them in government services helps citizens form strong focus groups to monitor the 

government’s performance. 

    Collective intelligence (also known as the wisdom of crowds) is a phenomenon that 

enables a collection of people to construct valuable knowledge through collaboration and 

competition (Schuler 2001). Since Web2.0 techniques provide a convenient platform for 

information exchange, adapting them for use in government services helps governments 
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gather information about issues that concern citizens. The effectiveness of government 

services then can be improved by remedying the concerns (Wigand 2010). Based on the 

theories, exploiting Web2.0 techniques to improve government services is a win-win situation 

for both citizens and governments. Web2.0 techniques help people form communities to 

monitor governments, while governments enhance their services through the collective 

intelligence produced by Web2.0 communities. According to the Web2.0 guideline7 defined 

by the Web2.0 technology advisory group of Federal Web Manager Council, Twitter is an 

effective Web2.0 tool for constructing direct communication channels between governments 

and citizens. Since Twitter disseminates information instantly, it makes official agencies 

transparent to the public. Twitter is now used by many government services and it has become 

an essential tool for disseminating information about government facilities (Wigand 2010). 

2.2  Short-text Classification 

    As mentioned earlier, short-text classification is difficult because of the text sparseness 

problem (Phan et al. 2008). Many classification methods employ external knowledge bases to 

classify short text correctly. Basically, the methods can be classified as search engine-based 

and corpus-based approaches. Search engine-based methods regard a short text item as a 

query to search for relevant documents in a database. The content of the returned documents 

then enriches the short text to output correct classification results. Sahami and Heilman (2006) 

computed the similarity between short texts by using a web-based kernel. Given two 

short-text segments, the kernel models the segments as expanded term vectors and computes 

their similarity based on the vectors’ inner-product. Yih and Meek (2007) extended the kernel 

model by submitting text segments to search engines. The words in the returned documents 

are used to adjust the similarity calculation. Shen et al. (2006) applied short text classification 

techniques to the query enrichment problem. Because the queries submitted to search engines 

are usually short and ambiguous, search engines have difficulty finding documents that are 

                                                 
7 http://www.usa.gov/webcontent/documents/Web_Technology_Matrix.pdf 
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relevant to a user’s interests. Classifying the topic of a query helps identify the user’s 

information need. Shen et al.’s method examines the returned snippets, titles, and URLs of a 

query and extracts representative terms to construct a query-to-target-category classifier that 

can correctly identify the intention of the query. The method won first prize in the 2005 ACM 

Knowledge-discovery and Data Mining Competition (ACM KDDCUP 2005). 

    Corpus-based methods utilize an expert-compiled document corpus to classify short text. 

Phan et al. (2008) considered that search engine-based methods are not suitable for on-line 

applications because querying search engines is time-consuming. Instead, they compiled a 

large collection of documents, called the universal dataset, and extracted hidden topics from it 

to construct an accurate short-text classifier. In general, compiling a document corpus is 

laborious, so a manually compiled corpus may not be comprehensive enough for short-text 

classification. To obtain a larger corpus, Zelikovitz and Hirsh (2000) integrated an 

expert-compiled corpus with a large unlabeled document set in order to improve the similarity 

measure of short text. The authors showed that the unlabeled document set significantly 

reduces the number of classification errors, particularly when the classification training set is 

small. Chen et al. (2011) also derived latent topics from a document set, and proposed using 

Latent Dirichlet allocation (LDA) to generate a topic space from the document set. The topic 

space enriches the content of short text and achieves superior short-text classification 

performance. Hu et al. (2009) used Wikipedia to resolve the text sparseness problem. They 

developed two approaches, called exact match and relatedness-match, to map a document to 

Wikipedia concepts and categories. The degree of overlap between the mapped concepts and 

categories is used to compute the similarity between text-sparse documents. 

    Our approach differs from existing short-text classification methods because, in addition 

to employing a knowledge base, we consider the temporal information of tweets to enhance 

short-text classification. 
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2.3  Using WordNet to Improve Text Classification 

 Many researches have exploited WordNet as a knowledge base to refine their 

classification models. Rodríguez et al. (1997) integrates WordNet information with two 

training approaches through the Vector Space Model(Salon & Mcgill 1983). The training 

approaches they employed are the Rocchio (i.e., relevance feedback)(Rocchio Jr, J.J. 1971) 

method and the machine learning-based Widrow-Hoff algorithm(Widrow & Sterns1985). The 

results obtained from their evaluations show that integrating WordNet clearly improves the 

training approaches, and the integrated technique effectively address the classification of low 

frequency categories. Scott and Matwin (1998) described experiments in machine learning for 

text classification using a novel representation of text based on WordNet hypernyms. Their 

experiments show that for difficult classification tasks the hypernym density representation 

can form significant reductions in error rates. Liu et al. (2007) use the hood 

algorithm(Voorhees, E. 1993) to remove word ambiguities so that each word is substituted by 

its sense in the context. The nearest ancestors of the senses of all the non-stopwords in a given 

document are selected as the classes for the given document. The effectiveness of the 

algorithm is evaluated by comparing its classification result with that using the manual 

disambiguation offered by Princeton University. 
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3. Methodology 

In this section, we introduce the proposed tweet classification framework, which can be 

applied to various Twitter-based government services. For ease of explanation and without 

loss of generality, we apply the framework to the Twitter-based 311NYC system. Figure 3-1 

shows the framework architecture. The core of the framework is the Naive Bayes (NB) 

classification model. Basically, the framework consists of a training part and a test part. For 

the training part, human experts prepare a set of training tweets and label their classes. The 

tweets are used to construct an NB classifier that classifies the daily tweets of the 311NYC 

system in the test part. To resolve the text sparseness problem, we use a knowledge base to 

enrich the training tweets. Then, the temporal information about tweets is used to reformulate 

the classification model. Finally, we apply two smoothing techniques to leverage temporal 

distribution, consider user content (i.e., the tweets posted by users) to enrich the training 

tweets, and employ the WordNet lexical database to create a synonym dictionary to improve 

the classification performance. We discuss each system component in the following 

sub-sections. 



 

16 
 

 

Figure 3-1. The Framework Architecture 

3.1  The Naive Bayes Classification Model 

    To classify daily tweets related to the 311NYC system, we employ the Naive Bayes 

model, which is a probabilistic machine learning model. It is widely regarded as an effective 

document classification method (Manning et al. 2008). The 311NYC system categorizes its 

services into several classes (e.g., transportation and environment). Let C = {c1, c2, …, cK} be 

the set of service classes provided by the 311NYC system;  and let d = <w1, w2, …, wM> be 

the content vector of a tweet d, where wi is the ith word in d. Given the content vector, the 

most likely service class of d would be: 

 

cො 	ൌ 		ܲሺܿ௞	|	݀	ሻ																																																																																																																									ሺ1ሻ 

 

    By the Bayes theorem (Ghaharhani 2004), the above conditional probability can be 

expanded as follows: 
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cො 	ൌ 		 argmax
ଵஸ௞ஸ୏

ܲሺܿ௞ሻ	ܲ൫݀	ห	ܿ௞	ሻ

ܲ൫݀൯
		 

				ൌ 		 argmax
ଵஸ௞ஸ୏

ܲሺܿ௞ሻ	ܲ൫݀	ห	ܿ௞	ሻ	 

				ൌ 		 argmax
ଵஸ௞ஸ୏

ܲሺܿ௞ሻ	ܲሺ൏ ,ଶݓ,ଵݓ … , ெݓ ൐|	ܿ௞ሻ																																																																														ሺ2ሻ 

 

    In information retrieval and text mining, it is common to assume that words are 

independent of each other under the given the class (Manning et al. 2008). Based on the 

bag-of-words assumption (Manning et al. 2008), Equation 2 can be re-formulated as follows: 

 

cො 	ൌ 		 argmax
ଵஸ௞ஸ୏

ܲሺܿ௞ሻ	ෑ ܲሺݓ௜|ܿ௞ሻ
୑

௜ୀଵ
,																																																																																															ሺ3ሻ 

 

    where P(ck) is the prior probability of class ck , and P(wi|ck) is the probability of 

observing word wi in a tweet that belongs to class ck. Given the training tweets and the 

corresponding classes labeled by human experts, the probabilities P(ck) and P(wi|ck) can be 

acquired by the following formulae: 

 

ܲሺܿ௞ሻ ൌ 	 ௖ܰ/	ܰ																																																																																																																																								ሺ4ሻ 
ܲሺݓ௜|ܿ௞ሻ ൌ 	 ௜ܹ,௞ ௞ܹ⁄ ,																																																																																																																											ሺ5ሻ 

 

    where N is the number of training tweets, Nc is the number of training tweets in class ck, 

Wk is the number of words in the training tweets of class ck, and Wi,k is the frequency of wi in 

the training tweets of class ck. 

 

3.2  Using an External Knowledge Base 

    The NB model may not be appropriate for short-text classification (Androutsopoulos et 

al. 2000). As tweets are usually short, their content is limited. Consequently, the training 

tweets would not represent the service classes comprehensively. In such cases, the text 

sparseness problem would bias the learned P(wi|ck) and could lead to zero probabilities when 
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computing P(ck|d). For instance, if the word wj never occurs in the training dataset, the learned 

P(wj|ck) would be zero for all classes. Then, any test tweet that contains the word wj would 

yield a zero probability for P(ck|d) such that the most likely class would be unpredictable. 

Many studies (Phan et al. 2008; Chen et al. 2011; Yih & Meek 2007; Shen et al. 2006 ; 

Zelikovitz & Hirsh 2000) have investigated the text sparseness problem and proposed using 

external knowledge bases to enhance short-text classification. A knowledge base must possess 

two important characteristics: (1) it must be large enough to cover all the classes (concepts) in 

a question; and (2) it must provide detailed knowledge. To ensure that the knowledge is 

comprehensive, we adopt Wikipedia, one of the largest on-line encyclopedia, as our 

knowledge base. According to statistics reported by Alexa8, a well-known network traffic 

statistics company, Internet users rely heavily on Wikipedia. Currently, Wikipedia’s network 

traffic is ranked number six in the world. Furthermore, Wikipedia contains diversified 

knowledge maintained by the general public. Because every user serves as a knowledge 

provider and a maintainer, the knowledge is usually up-to-date and correct (Gabrilovich & 

Markovitch 2007). The knowledge in Wikipedia is presented as wiki pages, each of which 

introduces a concept mentioned in its title. To acquire the knowledge related to the services in 

question, we devised a wiki page retrieval method. For each service category, the 311NYC 

system presents a service introduction. We segment the introduction into words, and remove 

stop words, such as is, a, and of, from the segmented text to construct a service dictionary Dc 

= {kc,1, kc,2, …, kc,V} where kc,i is the ith keyword of class c. Then, we treat each keyword as a 

query to retrieve relevant wiki pages via the tool Jwiki9. Since the keywords introduce service 

class c precisely, the retrieved wiki pages are highly relevant to class c. Interestingly, not 

every keyword matches a wiki page. To obtain comprehensive knowledge of the service 

classes, we utilize Wikipedia’s redirection mechanism. If a keyword cannot match a wiki page, 

the redirection mechanism returns the pages named by the synonyms of the keyword. The set 

                                                 
8 http://cn.alexa.com/siteinfo/wikipedia.org/   
9 http://jwikiapi.sourceforge.net/ 
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of retrieved wiki pages B is used to modify P(wi|ck) of our classification model as follows: 

 

ܲሺݓ௜|ܿ௞ሻ ൌ ሺ1 െ 	α	ሻ	 ௜ܹ,௞	/	 ௞ܹ 	൅ 		α		ܤ௜,௞	/	ܤ௞	,																																																																												ሺ6ሻ 

 

    where Bk denotes number of words in the wiki pages of class ck, and Bi,k is the frequency 

of wi in the wiki pages of class ck. The parameter α, whose range is within [0,1], weights the 

influence of the knowledge base when we calculate the probability. A large α value means 

that the knowledge base is important for the classification. In the experiment section, we 

examine the effect of α on tweet classification. 

 

3.3  Temporal Information about Tweets 

    Studies of temporal data mining have demonstrated the benefit of using temporal 

information for data classification. For instance, Hao and Hao (2008) proposed a 

temporal-driven Naive Bayes classification model and showed that the temporal information 

in data enhances data classification significantly. Revesz and Triplet (2011) also recognized 

the importance of temporal information. They developed a temporal-based NB classifier that 

utilizes the time of data for kernel regression parameter estimation. We observe that existing 

short-text classification methods ignore the temporal information about text. When preparing 

the data for our experiment, we found that requests made to government services exhibited a 

temporal regularity. Figures 3-2 and 3-3 show the frequency of 311NYC tweets for the 

Environment and Transportation classes in our experimental dataset. As shown in the figures, 

the tweets about Transportation were posted before and after working hours because traffic 

was often jammed during those periods. By contrast, most tweets about the Environment were 

posted around noon and midnight. This may be because people discussed public facilities 

during their lunch breaks, and complained about noisy neighbors when they were trying to 

sleep. To exploit the temporal regularity, we incorporate the temporal information about 

tweets into the Naive Bayes model. Specifically, we consider the time that tweets are posted 
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in our proposed model. Let td denote the time that tweet d is posted, Then, the most likely 

class of d published at time td can be computed as follows: 

 

cො 	ൌ 	 argmax
ଵஸ௞ஸ୏

	ܲሺܿ௞	|	݀	,  	ௗሻݐ

				ൌ 	 argmax
ଵஸ௞ஸ୏

	
ܲ൫ܿ௞	, ݀	, 	ௗ൯ݐ

ܲ൫݀	, ௗ൯ݐ
 

				ൌ 	 argmax
ଵஸ௞ஸ୏

	
ܲሺܿ௞	, ,	ܿ௞	ห	ௗሻܲ൫݀ݐ 	ௗሻݐ

ܲ൫	݀	ห	ݐௗ൯ܲሺ	ݐௗሻ
	 

				ൌ 	 argmax
ଵஸ௞ஸ୏

	
ܲሺܿ௞|ݐௗ	ሻܲ൫݀	ห	ܿ௞	, 	ௗሻݐ

ܲ൫	݀	ห	ݐௗ൯
	 

				ൌ 	 argmax
ଵஸ௞ஸ୏

	ܲሺܿ௞|ݐௗ	ሻܲ൫݀	ห	ܿ௞	,  			ௗሻݐ

				ൌ argmax
ଵஸ௞ஸ୏

	ܲሺܿ௞|ݐௗ	ሻܲሺ൏ ,ଶݓ,ଵݓ … ெݓ, ൐|	ܿ௞,  		ௗሻݐ

				ൌ argmax
ଵஸ௞ஸ୏

	ܲሺܿ௞|ݐௗ	ሻ	ෑ ܲሺݓ௜|ܿ௞, ௗሻݐ
୑

௜ୀଵ
		 																																																																																			ሺ7ሻ 

 

 

 

Figure 3-2. Environment Distribution 
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Figure 3-3. Transportation Distribution 

 

    Generally, people use a limited vocabulary to request a government service. For instance, 

they use words like accident, jam, and block to complain or make traffic assistance requests 

when there is a traffic jam. The phenomenon supports the assumption that the occurrence of a 

word in a tweet of class ck is independent of the time of publication. In other words, P(wi|ck,td) 

= P(wi|ck). Thus, Equation (7) can be converted as follows: 

 

cො 	ൌ argmax
ଵஸ௞ஸ୏

	ܲሺܿ௞|ݐௗ	ሻ	∏ ܲሺݓ௜|ܿ௞ሻ
୑
௜ୀଵ ,																																																																																													ሺ8ሻ  

 

where P(wi|ck) is computed by Equation (6) and P(ck|td) is the probability of class ck given that 

a tweet is posted at time td. To compute the most likely class, we need to estimate P(ck|td). The 

publication time td can be modeled by different scales. Here, we consider the hour that a tweet 

is posted. Let td be an integer in the range [1,24]. Then, P(ck|td) is computed as follows: 

 

ܲሺܿ௞|ݐௗ	ሻ ൌ ሺ1 െ 	β	ሻ	 ஼ܰ 	/	ܰ	 ൅ 		β		 ௧ܶௗ,௞	/	 ௧ܶௗ	,																																																																														ሺ9ሻ 

 

where the first term Nc/N is the same as in Equation (4), Ttd,k is the number of training tweets 
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in class ck published at time td, and Ttd is the total number of training tweets published at time 

td. Parameter β, whose range is within [0,1], weights the influence of the temporal information 

when calculating the probability. A large β value means that the temporal information is 

important for the classification. In the experiment section, we examine the effect of β on tweet 

classification. 

 

3.4  Smoothing Techniques for Temporal Information 

 We consider two smoothing techniques to leverage the temporal distribution: Add-one 

smoothing(Manning et al. 2008) and exponential smoothing(Keller, G. 2005). In order to 

avoid zero probabilities when computing Equation (9), we add one to each time interval. Then, 

Equation (9) can be computed as follows: 

 

ܲሺܿ௞|ݐௗ	ሻ ൌ ሺ1 െ 	β	ሻ ஼ܰ ܰ⁄ 	൅ 		β		 ሺ	 ௧ܶௗ,௞ ൅ 1ሻ ሺ ௧ܶௗ⁄ ൅ 	24ሻ	,																																																	ሺ10ሻ 

 

where 24 is the number of time intervals. In short, add-one smoothing integrates a uniform 

prior with the probabilities estimated from the training data to update P(ck|dt) (Manning et al. 

2008). Exponential smoothing is a frequently used technique used applied to time series data 

to either produce smoothed data for presentation or to make forecasts10. Assume that raw data 

sequence is presented as {	 ௧ܶௗ	,1 ൑ ݀ݐ ൑ 24} and the output sequence is {	ܧ௧ௗ	,1 ൑ ݀ݐ ൑ 24}, 

the exponential smoothing form is given by the following formula: 

 

ଵܧ	 ൌ 	 ଵܶ     

௧ௗܧ	 ൌ 	ߛ ௧ܶௗିଵ 		൅ ሺ1 െ ,	௧ௗିଵܧ	ሻ	ߛ 1 ൏ ݀ݐ ൑ 24	,																																																																									ሺ11ሻ 

 

where ߛ is a smoothing factor, and 0 ൏ ߛ ൏ 1. Figure 3-4 and Figure 3.5 show the result of 

                                                 
10 http://en.wikipedia.org/wiki/Exponential_smoothing 
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exponential smoothing. Compared with Figure 3-2 and Figure 3-3, the curves are much 

smooth after applying the techniques. In the experiment section, we will show the 

classification results of applying both smoothing techniques. 

 

 

Figure 3-4 Environment Distribution after Exponential Smoothing 

 

 

Figure 3-5 Transportation Distribution after Exponential Smoothing 
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3.5  User Content Enrichment 

 A Tweet, with its nature limitation of less than 140 characters, restricts the content users 

want to present. When complaining government services, users may not only post a tweet to 

the 311NYC service, but argue it with their friends simultaneously. Therefore, in addition to 

using Wikipedia as the external knowledge base, we take user contents which are not directly 

reported to 311NYC into consideration. Figure 3-6 shows how we utilize user content and an 

example of retrieving user content. Specifically, we extract the author list from training 

dataset and using Twitter API11 to get all available user contents on their public timelines. 

Given a training tweet posted by user account s on time t and the time interval Δti(hour), we 

retrieve all tweets posted by s during the interval[t+Δti, t-Δti] to enrich the original tweet. 

For instance, given a training tweet posted on "2011-12-23 19:19:48" and 1 hour time interval, 

we retrieve one tweet entitled "Can u park in front of schools today?" from user ms8kane  

published on "2011-12-23 19:24:26", which falls in the interval [19:19:48 + 1 , 19:19:48 - 1]. 

In the experiment section, we will show the classification result of user content enrichment. 

The probability will be reformulated as follows: 

   

ܲሺݓ௜|ܿ௞ሻ ൌ 	 ሺ ௜ܹ,௞ ൅	 ௜ܷ,௞ሻ/	ሺ ௞ܹ ൅ 	ܷ௞ሻ		,																																																																																							ሺ12ሻ 

 

where Wi,k and Wk is the same as Equation (6), Uk is the number of words in the user content 

tweets of class ck, and Ui,k is the frequency of wi in the user content tweets tweets of class ck. 

                                                 
11 https://dev.twitter.com/ 
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Figure 3-6. User Content Retrieving Process 

 

3.6  Using the WordNet Synonym Dictionary 

 As we mentioned in related work, WordNet has been widely exploited as a knowledge 

base into classification models. In addition to using original tweets as our experiment basis, 

we employ the WordNet lexical database to analyze the contents of the tweets to get content 

synonyms and integrate these synonyms into our classification model. We first use java API 

for WordNet Search12 to transform all text into their synonyms and compute the frequency of 

each synonym set under each class. There are two difficulties in using the WordNet synonyms: 

First, some words have more than one synonym set. For example, the word "apple" be be a 

fruit or a technology brand, and the synonym set that apple belongs to depends on the the 

word’s context. To simply the difficulty, we only consider the first synonym set of each word 

according to different hash code in different synonym sets because the first synonym set 

represents the main meaning of the word. The second difficulty is that not all words have a 

                                                 
12 http://lyle.smu.edu/~tspell/jaws/index.html 
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synonym. To tackle this problem, we manually create a dummy synonym set with size 1 for 

each unmatching word. Then, equation (6) can be reformulated as follows: 

 

ܲሺݓ௜|ܿ௞ሻ ൌ ሺ1 െ 	α	ሻ	 ௜ܵ,௞ ܵ௞⁄ ൅ 		α	 ௜,௞ܤ ⁄௞ܤ 	,																																																																															ሺ13ሻ 

 

where Si,k is the frequency of wi in synonym set of class ck and Sk is the frequency of synonym 

of class ck . Finally in order to avoid the zero probability problems, we employ add-one 

smoothing (Manning et al. 2008) in this equation as follows: 

 

ܲሺݓ௜|ܿ௞ሻ ൌ ሺ1 െ 	α	ሻ 		ሺ ௜ܵ,௞ ൅ 1	ሻ ሺܵ௞ 	൅ | ௞ܸ|ሻ⁄ ൅ 		α		 ௜,௞ܤ ⁄௞ܤ ,																																															ሺ14ሻ 

 

where | ௞ܸ| is the vocabulary size of class ck. In the experiment section, we show the 

performance of using WordNet as training basis and the performance of using add-one 

smoothing technique. 
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4. Performance Evaluation 

4.1 Dataset Collection and Evaluation Metrics 

We collected tweets for evaluation from the 311NYC system. Table 4-1 details the 

statistics of the evaluation dataset. The 311NYC system supports 10 classes of services. A 

service request is made by sending a tweet to Twitter account “@311NYC.” After reading the 

request, system agents send a response tweet. As it is hard to resolve a problem using 140 

characters (i.e., the length restriction of tweets), a hyperlink to the solution of the request is 

included in the response. We annotated the class of a request tweet based on the content 

indicated by the hyperlink. The dataset consists of 381 request tweets sent by 328 users and 

381 response tweets sent by system agents between September 30, 2009 and January 17, 2012. 

As shown in the table, the request tweets are very short (97.95 characters on average), so 

classifying them is very difficult. The number of tweets in each service class is shown in 

Table 4-2. Note that some tweets are annotated as “Off-topic” because their requests are 

beyond the scope of the 311NYC system. For instance, users may send tweets to @311NYC 

to ask for rescue services, which are handled by government safety units. Table 4-3 shows the 

statistics of the knowledge base, where 361 wiki pages are retrieved by using 361 keywords 

extracted from the 311NYC system. Finally, in the user content enrichment process, we 

totally retrieved 237 user tweets. 
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Table 4-1. The statistics of the evaluation dataset 

Dates 2009/9/30-2012/1/17 

# of request tweets 381 

# of response tweets 381 

# of users 328 

Avg. characters of 

request 

97.95 

Avg. characters of 

response 

79.84 

 

 

Table 4-2. The results of manual annotation 

Service Class # of Tweets 

Business 5 

Culture 25 

Education 7 

Environment 112 

Government 33 

Health 4 

Property 33 

Public Safety 16 

Social Service 9 

Transportation 128 

Off-topic 9 

Total 381 
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Table 4-3. The statistics of the knowledge base 

Service Class # of keywords # of wiki pages 

Business 17 17 

Culture 42 42 

Education 19 19 

Environment 32 32 

Government 55 55 

Health 43 43 

Property 30 30 

Public Safety 35 35 

Social Service 41 41 

Transportation 47 47 

Total 361 361 

 

To evaluate the performance of our framework, we use the conventional leave-one-out 

procedure (Manning et al. 2008). We evaluate the classification performance over multiple 

runs. For each evaluation run, one request tweet is selected as the test data; and the remaining 

request tweets and the corresponding classes are used to train an NB classifier. The results of 

all the evaluation runs are averaged to obtain the overall classification performance. The 

evaluation metric is the precision rate (Manning et al. 2008), which measures the proportion 

of tweets classified as belonging to a service class that are actually in that class. 

 

4.2 Performance Evaluations 

In this section, we examine the effect of the knowledge base. We also compare the 

performance with and without using the temporal information, temporal smoothing  

techniques, user content enrichment, and WordNet synonym dictionary method for 

classification performance. To evaluate the effect of the knowledge base, the parameter α is 

set between 0 and 1, and increased in increments of 0.1. When α = 0, the framework ignores 

the knowledge base and simply uses the training tweets to construct an NB classifier. As 
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shown in Table 4-4, using the knowledge base (i.e., α > 0) improves the classification 

precision. In addition, the improvement under α = 0.1 to 0.9 is significant. The low precision 

of α = 0 reflects the difficulty of classifying tweets. Using the knowledge base alleviates the 

text sparseness problem in tweets effectively and improves the classification precision 

significantly. It is noteworthy that setting α = 0.6 achieves the best precision, and the 

precision decreases gradually when α > 0.6. The decline implies that the weight of the training 

tweets should be larger than that of the knowledge base. Meanwhile, the inferior precision of 

α = 1 indicates that the training tweets cannot be ignored because they are very close to the 

service classes in question. 

 

Table 4-4. The effect of α on the system performance 

α Precision 

0.0 29.65% 

0.1 39.10%* 

0.2 38.84%* 

0.3 38.84%* 

0.4 39.37%* 

0.5 40.16%* 

0.6 40.16%* 

0.7 39.63%* 

0.8 38.58%* 

0.9 37.79%* 

1.0 29.92% 

The results marked with * show improvements over the precision when 

α = 0.0 with a 99% confidence level based on the Z-statistic for two 

proportions (Keller, G. 2005) 

 

Table 4-5 shows the effect of using temporal information. Again, the parameter β is set 

between 0 and 1, and increased in increments of 0.1. Parameter α is set at 0.6 because of its 

superior precision score in the previous experiment. As shown in the table, using temporal 

information (i.e., β > 0) produces good classification precision. However, the improvement 
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over β = 0 is small. After investigating this result, we concluded that the small improvement is 

due to the shortage of training data. As only 380 training tweets and their publication times 

are available in each validation run to produce 24 frequency distributions over the 10 services 

classes, the proposed framework would be biased by noisy temporal samples. However, the 

shortage problem will be resolved in the future as more request tweets are published on the 

311NYC system. 

 

Table 4-5. The effect of β on the system performance under α = 0.6 

β Precision 

0.0 40.16% 

0.1 40.42% 

0.2 40.68% 

0.3 40.94% 

0.4 40.42% 

0.5 40.42% 

0.6 40.16% 

0.7 39.63% 

0.8 39.63% 

0.9 39.90% 

1.0 40.68% 

 

To analyze the use of temporal information further, we examine the performance of β = 0 

(i.e., without using any temporal information) and 1 (i.e., using temporal information only). 

Table 4-6 compares their performance under various settings of α. The table also lists the best 

performance under each setting of α. We observe that setting β at 1 outperforms β = 0. In 

addition, seven out of the ten best results are obtained by setting β at 1. Hence, using the 

temporal information about tweets ensures a superior classification performance. 

 

 

 



 

32 
 

 

Table 4-6. The comparison between β = 0 and β = 1 

Α β = 0.0 

(i.e., without 

temporal) 

β = 1.0 

(i.e., only temporal) 

The best 

performance under 

α 

0.1 39.11% 40.94% 40.94% 

0.2 38.85% 40.68% 40.68% 

0.3 38.85% 40.94% 40.94% 

0.4 39.37% 40.94% 40.94% 

0.5 40.16% 40.42% 40.42% 

0.6 40.16% 40.68% 40.94% 

0.7 39.63% 39.63% 40.42% 

0.8 38.58% 39.63% 39.63% 

0.9 37.80% 37.80% 37.80% 

1.0 29.92% 33.86% 34.38% 

 

    Table 4-7 shows the effect of the two temporal smoothing techniques under α = 0.6. 

Compared with table 4-5, the smoothing techniques does not improve classification 

performance significantly. Although these two smoothing techniques make the whole 

distribution more smooth, the data sparseness problem cannot solved totally by this method.  

 

Table 4-7. The performance of add-one and exponential smoothing 

Β α = 0.6(add-one) α = 0.6(exponential) 

0.1 40.15% 39.89% 

0.2 39.63% 40.15% 

0.3 39.63% 40.41% 

0.4 39.89% 40.41% 

0.5 40.15% 40.15% 

0.6 39.63% 39.37% 

0.7 39.63% 39.10% 

0.8 38.84% 38.58% 

0.9 38.84% 38.58% 

1.0 38.58% 38.05% 
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 Table 4-8 shows the effect of the user content enrichment method under β = 0.5. 

Compared with the previous result, we observe that using the enrichment method hardly 

improves system performance. Surprisingly, it decreases system performance a little bit. The 

decrease may be owing to the following two reasons: First, due to privacy concerns we only 

retrieve 62% user contents. The low proportion of user contents decreases the effect of the 

method. Second, we observed that only a small proportion of users argue inferior government 

services to their friends. Consequently, we include a lot of noise data into our training data  

that decreases classification precision.  

 

Table 4-8. The performance of user content enrichment 

Α β = 0.5 

0.1 33.59% 

0.2 33.33% 

0.3 33.33% 

0.4 33.85% 

0.5 34.12% 

0.6 34.38% 

0.7 34.12% 

0.8 34.12% 

0.9 33.33% 

1.0 30.18% 

 

 Table 4-9 shows the performance of using the WordNet synonym dictionary under β = 

0.6. As shown in the table, using WordNet improves system performance significantly. The 

result indicates that using the synonyms of tweet contents enhances short text classification. It 

also means the data sparseness problem of short text can also be reduced by transforming the 

words in tweets into their synonym levels. In original training text, two words with similar 

meaning are different unless they are exactly the same word. However, in their synonym 

levels, they represent the same thing and furthermore fortify the power of their meaning 
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although these two words are different lexically. This is the benefit of transforming words into 

their synonyms and the reason why data sparseness problem can be reduced by this method. It 

is noteworthy that the precision decreases gradually when α > 0.6. The decline implies that 

the weight of the synonym set should be larger than that of the knowledge base. This also 

implies that we cannot ignore the synonym of the training tweets. 

  

Table 4-9. The performance of WordNet Synonym Dictionary 

Α β= 0.6(without 

add-one) 

β= 0.6(add-one) 

0.1 54.07% 56.69% 

0.2 54.33% 57.22% 

0.3 54.86% 56.69% 

0.4 55.38% 56.17% 

0.5 53.81% 54.33% 

0.6 51.97% 52.23% 

0.7 49.87% 50.13% 

0.8 43.31% 41.47% 

0.9 34.12% 31.23% 

1.0 13.65% 10.76% 

 

 To summarize, the inferior precision (i.e., 29.65%) of the Naive Bayes model 

demonstrates that tweet classification is difficult. By using the temporal information about 

tweets, the knowledge base, and the WordNet dictionary, the proposed framework achieves a 

superior classification precision (57.22%), which represents a 93% improvement over the 

precision of the Naive Bayes model. 
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5. Conclusion and Future Works 

An increasing number of government services are exploiting Web2.0 applications to 

obtain instant feedback from the public. Generally, micro-blogs (e.g., Twitter) can provide 

seamless communications between governments and citizens. However, the problems of 

information overload and text sparseness make micro-blog management a difficult task. To 

solve the problems, we have proposed a classification framework that incorporates an external 

knowledge base and the temporal information of tweets into the Naive Bayes classification 

model. We further employ two smoothing techniques to leverage the temporal distribution, 

consider user content to enrich the content of the training tweets, and incorporate the 

WordNet synonyms into our classification model. Experiments based on the 311NYC dataset 

demonstrate that the proposed framework classifies tweets correctly and achieves a significant 

improvement over the Naive Bayes model. 

This paper focuses on the publication time of tweets. In a future work, we will 

investigate different metadata of tweets to enhance the proposed framework. For instance, the 

social network of Twitter users could be investigated to identify opinion leaders for a certain 

service class. Analysing the tweets published by opinion leaders would help governments 

identify the subjects that citizens regard as the most important. We believe that by 

incorporating text mining techniques into Government2.0, government services will become 

more transformative, available, and interactive. 
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