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Abstract— With the emergence of Web2.0, sharing personal content, communicating ideas, and interacting with other online users in Web 2.0 communities have become daily routines for online users. User-generated data from Web 2.0 sites provide rich personal information, such as personal preferences and interests, and can be utilized to obtain insight about cyber communities and their social networks. Many studies have focused on leveraging user-generated information to analyze blogs and forums, but few studies have applied this approach to video-sharing websites. In this study, we proposed a text-based framework for video content classification of online-video sharing websites. Different types of user-generated data (e.g., titles, descriptions, and comments) were used as proxies for online videos, and three types of text features (lexical, syntactic, and content-specific features) were extracted. Three feature-based classification techniques (C4.5, Naïve Bayes, and SVM) were used to classify videos. To evaluate the proposed framework, user-generated data from candidate videos, which were identified by searching user-given keywords on YouTube, were first collected. Then, a subset of the collected data was randomly selected and manually tagged by users as our experiment data. The experimental results showed that the proposed approach was able to classify online-videos based on users’ interests with accuracy rates up to 87.2%, and all three types of text features contributed to discriminating videos. SVM outperformed C4.5 and Naïve Bayes in our experiments. In addition, our case study further demonstrated that accurate video classification results are very useful for identifying implicit cyber communities on video-sharing websites.
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I. Introduction
W
ith the emergence of Web 2.0, Web 2.0 sites, such as forums, blogs, video-sharing websites, and wikis have become more and more popular in the past few years. User behavior in Web 2.0 communities has changed from just browsing web pages to generate and spread their own content and ideas. As noted by O’Reilly (2005), one of the main features of Web 2.0 is the “architecture of participation,” which refers to online content that is generated by those who are motivated by their own personal interests. Numerous user-generated data provide valuable personal and up-to-date information, such as user preferences, sentiments, and opinions, which previously could be obtained only through surveys and interviews.
To obtain insight from user-generated information, the ability to collect and analyze the considerable quantity of information becomes a challenge. Classification technologies provide promising methods to organize data according to different perspectives. Many studies have used classification technologies to analyze text-based data collected from blogs and forums and obtain insights. For example, Abbasi et al. (2008) applied sentiment analysis to improve opinion classification of web forums in multiple languages. Zheng et al. (2006) adopted writing style features to identify online authorship.

Like blogs and forums, video-sharing websites are an important part of Web 2.0. For example, YouTube, the world’s largest video-sharing website, receives more than 65,000 videos and 100 million video views everyday. Video classification techniques can be used to improve user experiences with video-sharing websites by identifying videos more closely related to users’ personal interests and distinguishing them from the many irrelevant videos that are obtained by using keyword searches alone. 

Another challenging issue for Web 2.0 sites is the issue of illegal content such as child pornography, or threatening content such as sites exhorting violence and extremism. Among these, violent extremism content is considered to be among the most dangerous especially after the attack of September 11th. The US government invests many resources in detecting potential terrorisms and protecting the US from extremist violence. Chen et al. (2008) found that extremists use Web 2.0 as an effective platform to share resources, promote their ideas, and communicate among each other. For now, YouTube provides only the “flag” mechanism for users to mark inappropriate videos (Chen et al., 2008). Video classification can help video-sharing websites manage videos automatically by classifying illegal or offensive videos and distinguishing them from acceptable ones.

Moreover, accurate video classification results are very useful for identifying implicit cyber communities on video-sharing websites (Kumar et al., 1999). Implicit cyber communities can only be defined by the interactions among users, such as subscription, linking, or commenting. Chau and Xu (2007) studied implicit cyber communities for blogs while Fu et al. (2008) used interaction coherence information to identify user communities for web forums. However, few studies have addressed the cyber communities on video-sharing websites.

Different from the studies of forums and blogs which used text features to represent collected data, most studies in video analysis have used non-text features extracted from video clips and audio tracks (e.g., Messina et al., 2006).  However, video-sharing communities not only allow users to upload and share videos, but also provide functions to enable users to interact with other users, which generate additional text information. For instance, YouTube allows its users to comment on and rate videos, create personal video collections, and categorize and tag videos they upload. Such user-generated text information may contain explicit information related to video content and hence can be used to classify videos. In addition, this information can be easily obtained by parsing web pages or using various Web APIs (Chen et al., 2008). But for now, few studies have explored user-generated text features in video classification. 

In order to make use of the information provided by user-generated data and evaluate their effectiveness in online video classification, we propose a framework of video classification for video-sharing websites by using user-generated text data such as comments, descriptions, video titles, etc. We evaluated the performance of different classification techniques and text feature sets. In addition, we conducted key feature analysis to identify the most useful user-generated data for online video classification and showed how our framework can help identify implicit cyber communities on video-sharing websites.

The remainder of this article is organized as follows. Section II presents a review of current video classification research. Section III describes research gaps and questions, while Section IV shows our research design. The testbed created and used in our experiment is discussed in Section V. Experiments used to evaluate the effectiveness of the proposed approach and discussions of the results are illustrated in Section VI. A case study showing how the proposed framework can help identify implicit cyber communities on video-sharing websites is presented in Section VII. Section VIII concludes with closing remarks and future directions. 

II. Literature Review

Among all data types, such as text, audio, and image, video has the highest capacity in terms of the volume and the richness of the content. Videos not only contain diverse data types, i.e., image, audio, and text data, but also combine these data types together and further create deeper semantic meanings. These semantic meanings and information can be easily recognized by human beings, but how to leverage information technologies to process videos and extract these semantic meanings automatically is a challenging issue. 

The semantic gap, referring to the gap between video features (e.g., color, texture, and volume of audio) and semantic concepts (Lew et al., 2006,) (i.e., concepts meaningful to human beings, such as cars, faces, buildings, etc.,) is one of the most challenging issues of video classification studies. To bridge the semantic gap and obtain a better understanding of video content, many different techniques have been developed to enhance classification accuracy (which refers to the percentage of correctly classified instances), and different video features have been identified to represent videos better (Dimitrova et al., 2000; Hsu & Chang, 2005; Hung et al., 2007). Common video classification research characteristics include domains, feature types, and classification techniques. Table I shows the taxonomy of these important video classification analysis characteristics. The taxonomy and related studies are discussed in detail below.
A. Video domains

There are five main categories of video domains: general TV programs, movies and movie previews, specific scenario videos, archival videos, and video-sharing website videos. In addition to the basic components of videos, i.e., image and audio, videos within some domains provide extra information which can be utilized to classify videos more accurately. For example, some general TV programs contain subtitles and closed-captioning which can be extracted to help understand the video content.

TV programs are the most traditional video resources and therefore most studies have used general TV programs as their experiment data. Some studies in this domain have classified TV programs according to program types, such as news, sports games, weather reports, and commercial advertisements. Montagnuolo and Messina (2007) classified 700 broadcasted programs into seven TV program types, and reported 86.2% average precision (which refers to the  average percentage of correctly classified instances, which are programs in this case,  across all predicted classes). Other studies focused on classifying a single type of TV programs into different specific events. For example, Hung et al. (2007) classified baseball videos into several important events, such as homerun, hit, strike-out, etc., and achieved 95% average precision.

The second domain is movies and movie previews. Movies play an important role in the entertainment industry. Approximately 4500 films (about 9000 hours of video) are produced every year (Rasheed et al., 2003). Hence, some studies have focused on classifying movies according to their genres. Vasconcelos and Lippman (2000) classified movies into three categories: romance/comedy, action, and others, including horror, drama, and adventure. In addition to movies, movie previews, previews of upcoming movies or previews provided by DVD rental companies, have also been used as testbeds in previous studies. For instance, Rasheed et al. (2003) classified movie previews into different categories such as comedies, action films, dramas, and horror films.  

Specific scenario videos are videos generated by individuals for specific events, such as meeting or lecture videos. For example, business meetings captured in video were used by Girgensohn & Foote (1999) to classify them into presenter, slides, and audience scenes. 
Archival videos are generally collected and provided by organizations (e.g., Internet Archive). These videos are collected from various media sources (e.g., movies, TV programs, and personal-made videos) and well-organized into different categories (e.g., cartoons, movies, news, etc.) before being provided to the public. Some organizations will provide pre-processed videos for researchers to use for experiments and studies. For example, TRECVID was founded in 2003 and is now a well-known workshop that provides large testing datasets scored by uniform scoring procedures for video information retrieval studies.  
As Web 2.0 gains in popularity, the study of video-sharing websites has become an emerging domain of interest. Videos are uploaded by online users and reviewed by the public. Video sharing websites, such as YouTube and Yahoo Video, usually provide a convenient environment for users to discuss and comment on videos. Some sites even provide APIs that allow people to easily extract relevant information from videos of interest. 

Consequently, videos from video-sharing websites contain several unique characteristics. First, most online videos are short, and their contents are highly diverse. Second, much user-generated data, such as descriptions and comments, can be collected easily for each online video. Information about video authors and reviewers is sometimes available, including other videos uploaded by the same person, etc. Third, due to copyright issues, online videos on video-sharing sites may not be always available for people to download and analyze. Hence, difficulties in collecting training datasets may be encountered when applying features extracted from videos to online video classification. User-generated data can be used as an alternative, because the data can be easily obtained and may contain more explicit information about the content of associated videos. Currently, few studies have emphasized this kind of approach.

B. Feature Types

Features used in video classification studies can be divided into two main categories, non-text features and text features. While non-text features can be further split into low-level video features and semantic video features, text features contain text features extracted from videos and user-generated text features.
1) Non-text Features

Non-text features are features extracted from the two basic components of videos: audio and image. Djeraba (2002) stated that low-level video features are features extracted from the video clips and audio tracks without reference to any external knowledge. For example, color, texture, and motion are major low-level features extracted from video clips (Gibert et al., 2003; Huang et al., 1999; Ma & Zhang, 2003). Fischer et al. (1995) utilized audio features such as volume of audio, audio wave forms, and audio frequency spectrum. Other features such as edge, lighting, and shot length were also adopted in some studies (e.g., Rasheed et al., 2003). Moreover, the text trajectory feature, which refers to the motion of texts in continuous video clips, is considered to be a low-level non-text feature as opposed to a text feature (e.g., Dimitrova et al., 2000).

Zhou et al. (2000) and Luo and Boutell (2005) claimed that low-level video features lack the capacity to identify semantic concepts, which make them inefficient to use for video classification alone. To solve this problem, mid-level and high-level video features are proposed to bridge the “semantic gap” (Lew et al., 2006), the gap between low-level video features and semantic concepts (Hsu & Chang, 2005). These two feature types are generated from low-level features and are also known as semantic features. 

Mid-level video features are extracted by mid-level feature detectors or sensors, which are pre-trained classifiers used to capture mid-level features from input data, and each of them represents an atomic semantic concept, which cannot be represented by combinations of other semantic concepts. Some examples used in previous studies include cityscape, landscape, face, object, indoor, outdoor, etc. (Chellappa et al., 1995; Lin & Hauptmann, 2002; Samal & Iyengar, 1992). Xu and Chang (2008) developed 374 mid-level feature detectors to detect video events. The average precision for event detection was between 24.4% and 38.2%. Mid-level features have been adopted in many studies. Dimitrova et al. (2000) used text and face trajectories to classify videos into four categories (i.e., news, commercials, sitcoms, and soaps) and reported 80% accuracy.
High-level video features are features containing multiple semantic concepts, which generally require human to define (Borgne et al., 2007). Some studies relied on domain knowledge to achieve high-level analysis. Duan et al. (2003) combined sport domain knowledge with mid-level features to conduct high-level video analysis to categorize segments of videos of field-ball sports into different events. They constructed several mid-level feature detectors to capture semantic shots (e.g., field view, audience, goal view, player following, and replay) from videos of soccer games. With the help of sport domain knowledge, they first defined “in play segments”, video segments consisting of shots taken when a game is playing (e.g., field views and player following,) and “out of play segments”, video segments containing shots taken when a game has been stopped by a referee (e.g., audience and replay). Further, specific events of each segment were identified. For example, kickoffs, passing, and shots were captured from “in play sections”, while penalty kicks, throw-ins, and corner kicks were identified from “out of play segments”.      
2) Text Features

In addition to non-text features, some studies adopted text features to enhance the classification performances. Subtitles and closed-captions are the typical text information that can be extracted from videos of various types, such as TV programs and movies. Lin and Hauptmann (2002) extracted closed-captions from CNN broadcasts and treated each word of the closed-captions as a feature. Bag-of-words was used to represent the broadcasts and their experiment results demonstrated that text features can improve the precision of classification results.

In addition, text information can also be obtained from audio tracks using speech recognition techniques (Smoliar & HongJiang, 1994). For example, Amir et al. (2004) transcribed audios recordings, generated a continuous stream of timed words, and included the text information for video event detection. 

User-generated text information is a new text data source emerging only recently with video-sharing website videos. Different from the other four video classification domains, online videos are generally shorter but contain more user-generated information. In the Web 2.0 architecture of participation, online users not only review videos, but also comment on videos and exchange opinions with other reviewers. Through the user-participation process, much video-related text data are created. These data often contain explicit information about the video content and can be utilized to classify videos. In addition, more and more user-generated text information can be easily collected from video-sharing websites. For example, the YouTube API allows users to extract information such as titles, user comments, descriptions, tags, etc (Chen et al., 2008). 

Sharma and Elidrisi (2008) recently used video tag information to classify YouTube videos into YouTube pre-defined categories such as education and comedy. They claimed that video tags are given by users and therefore contain highly user-centric information and can be used as the meta-data of videos. Their results achieved approximately 65% accuracy. To the best of our knowledge, user-generated text information has not been used in other video-sharing websites video classification studies.

Four types of text features, lexical, syntactic, structural, and content-specific features, have often been used in previous text classification tasks. These four types of text features can be categorized into two broad categories: content-free features and content-specific features. Content-free features are features independent of the topics or domains of the text data and hence can be regarded as generic features. They include lexical features, syntactic features, and structural features (Zheng et al., 2006). Lexical features are used to capture lexical variations of an article in both character-level and word-level (Argamon et al. 2003; Zheng et al., 2006) (e.g., the average word length and the total number of characters). Syntactic features show syntactical patterns of sentences (Hirst & Feiguina, 2007; Koppel et al., 2009). These patterns can be captured by identifying function words or punctuations within sentences. Structural features represent user habits of organizing an article (e.g., paragraph length and use of signature), which have been shown especially useful for online text (Abbasi & Chen, 2005). These features can be used to identify writing styles of different authors. Content-specific features, on the other hand, are features that can be used to represent specific topics. For example, baseball videos can be easily classified into different baseball events by identifying informative content-specific keywords, such as “homerun,” “double play,” “strikeout,” and “hits.” Content-specific features can be either manually selected (Zheng et al., 2006) or n-gram features extracted automatically from the collection Peng et al., 2003(; Abbasi & Chen, 2008
). Most of these text features can be considered for video classification on video-sharing sites based on user-generated content.
C. Classification Techniques

Based on our literature review, machine learning dominated the classification techniques of previous video classification studies. Among these techniques, Hidden Markov Model (HMM), Gaussian Mixture Model (GMM), and Support Vector Machine (SVM) were the most adopted (Guironnet et al., 2005; Lu et al., 2001; Montagnuolo & Messina, 2007; Zhou et al., 2005). 

HMM is a popular technique widely used in pattern recognition (Rabiner & Juang, 1986). The basic idea of HMM is to construct a model with hidden state variables which can be used to explain the observable variables in a sequential data. The model then can be applied to other sequential data for prediction tasks. Some researchers have applied HMM for video analysis and classification. Dimitrova et al. (2000) proposed to use HMM along with text and face features for video classification. Huang et al. (1999) presented four different methods for integrating audio and visual information for video classification based on HMMs. Gibert et al. (2003) used an HMM based approach to classify sport videos into the predefined genres using motion and color features. Eickeler and Muller (1999) classified TV broadcast news by using HMMs.

GMM can be used to model a large number of statistical distributions, including non-symmetrical distributions. Given feature data, a class can be modeled with a multidimensional Gaussian distribution. In image processing applications, researchers used both unsupervised 
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(Caillol et al., 1997; Pieczynski et al., 2000)
 and supervised versions (Oliveira de Melo et al., 2003) of mixture models. For example, Xu and Chang (2008) adopted GMM to classify TV broadcast programs. Girgensohn and Foote (1999) used a GMM classifier to classify staff meeting videos into different shot categories (slides, audiences, and presenters).

SVM has been shown to be a powerful statistical machine learning technique (Vapnik, 1998). The basic idea of SVM is to find a linear decision boundary to separate instances of two classes within a space. While there are multiple linear decision boundaries existing in the space, SVM will select the one with the largest margin, which is the total distance between a decision boundary and the closest instances of each side. Ideally, while new instances are added into the space, a lower classification error is suggested by a larger margin. SVM has two characteristics which make it efficient for classification tasks. First, prior knowledge is not required for it to obtain a high generalization performance and it can perform consistently with very high input dimensions. Second, SVM is not only efficient for solving classification problems with small samples but also can obtain a global optimal solution (Ma & Zhang, 2003). In addition, SVM has shown excellent video classification performance (Jing et al., 2004; Lazebnik et al., 2006; 
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III. Research Gaps and Research Questions

Table II shows selected major studies in video classification, and some general conclusions can be drawn from it. For video domains, most video classification studies focused on TV program videos (D1), while few studies paid attention to the other four domains, which are movies and movie previews (D2), specific scenario videos (D3), archival videos (D4), and video-sharing website videos (D5). In terms of feature types, non-text features (i.e. low-level video features (NT-L) and mid-level/high-level video features (NT-MH),) were adopted by the majority of previous studies. Text features, video embedded text features (T-E) and user-generated text features (T-U), were rarely explored. As for classification techniques, machine learning classification techniques (T1) dominate the area. Among various machine learning classification techniques, SVM, GMM, and HMM were the most used ones.  

Based on our review of previous literature and conclusions, we have identified several important research gaps. First, with the emergence of Web 2.0, online videos from video-sharing websites (D5) surprisingly have seldom been addressed. Second, to the best of our knowledge, Sharma and Elidrisi (2008) is the only research that used user-generated information for online video classification. However, their classifier was designed for YouTube predefined categories only and the performance was not high. Third, among various user-generated text information, only video tags have been used (Sharma & Elidrisi, 2008). Geisler and S. Burns (2007) showed that the majority of YouTube tag terms can provide additional information about videos. Ding et al. (2009) also showed that YouTube taggers like to identify specific information such as date, geographical locations, scientific domains, religions, and opinion terms for videos. We believe other user-generated text information, such as video descriptions and comments, are also useful in video classification and can help address the video semantic gap problem. 
To address the research gaps mentioned above, this study proposes a text-based video content classification framework for online video-sharing sites. The proposed framework can be used to identify videos for any topic or user interest. It aims to answer the following research questions:

· Are user-generated text features useful for online video classification?

· What user-generated text data and feature sets are most effective for online video classification? 

· Can feature selection improve the video classification results?
· Which text classification technique is best for online video classification?

· Can accurate video classification results help identify cyber communities on video-sharing sites?

IV. System Design

Fig. I illustrates our proposed system design. Our design consists of three major steps: data collection, feature generation, and classification and evaluation. 
A. Data Collection

The data collection process is designed to identify candidate videos for the classification task and collect associated user-generated text data. The input of our system is a set of selected keywords that represents users’ preferences and interests. The keywords are used to identify candidate videos. Various types of user-generated text information, including video titles, comments, video descriptions, etc., are then collected for those videos and stored in a database. Finally, users who generated the keywords are asked to create video categories based on their preferences, and a subset of the collection is randomly selected and manually classified into those categories by the users. The classification results are split into training dataset and testing dataset which will be used later for building and evaluating classifiers respectively.

B. Feature Generation

The feature generation process aims to generate text features from the collected text data that can best represent candidate videos. Three types of text features, i.e., lexical features, syntactic features, and content-specific features, are adopted in our system and denoted as F1, F2, and F3 respectively. These features have been considered in various text classification research Zheng et al., 2006(; Abbasi & Chen, 2008; Abbasi, Chen, & Nunamaker, 2008
), but rarely in video classification studies. Several feature sets are constructed by combining different feature types and applying feature selection techniques. 

1) Feature Extraction

In this study, we examined three types of features: lexical features, syntactic features, and content-specific features. Structure features are not considered because such features (e.g., font size, font color, greetings, etc.) are not presented in video text. 

Lexical features consist of character-based and word-based features (Zheng et al., 2006) and have been widely used in previous authorship research. For example, different character-based lexical features were adopted in the studies of de Vel (2000), Forsyth and Holmes (1996), and Ledger and Merriam (1994). Mendenhall (1887) and de Vel (2000) utilized some word-length frequency features in their study. In this study, we adopted 82 lexical features, including both character-based and word-based lexical features used in previous studies. 

As suggested by Zheng et al. (2006), syntactic features, which include function words and punctuation words, are often used to identify styles of articles in the sentence level. Several sets of function words have been proposed in previous research (Baayen et al., 1996; Tweedie & Baayen, 1998). We adopted the set of 149 function words used in Zheng et al. (2006) because of its coverage. In addition, 8 punctuation words suggested by Baayen et al. (1996) were also used in our syntactic feature set.

Content-specific features are relevant to specific application domains and are important for online video classification. In this study, we adopted word-, character-, and POS tag unigrams, bigrams, and trigrams. In addition to n-gram features, specific user-provided video tags and video categories were also included as binary features. 


The complete feature list used in our study is shown in Table III. We believe our study is one of the few to examine comprehensive text features for video classification on video-sharing sites.

2) Feature Set Generation

This step aims to generate feature sets by combining different types of features. These feature sets are then evaluated in the classification and evaluation process. In this study, we adopted an incremental strategy to generate feature sets. Three feature sets were first created. The first feature set contains lexical features only (FS1). Lexical features and syntactic features are combined to generate the second feature set (FS2). The third set is constructed by combining lexical, syntactic, and content-specific features (FS3). This incremental approach has been frequently adopted in previous authorship studies (Abbasi & Chen, 2005; 
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For content-free features (F1 and F2), the total number of features is predefined as is shown in Table III. However, for n-gram-based content-specific features (F3), the feature size varies and is usually much larger than the number of content-free features. An effective approach to reduce the number of such features is to adopt a minimum frequency threshold Mitra et al., 1997(; Jiang et al., 2004
). We set the minimum frequency as 10 for n-gram-based parameters by following the setting adopted in Abbasi, Chen, and Salem (2008).

3) Feature Selection

Feature selection techniques have been shown to be effective in improving classification performances by removing irrelevant or redundant features in a large feature set. Duan et al. (2003) used feature selection to identify discriminating audio signals, while Borgne et al. (2007) adopted feature selection to reduce the number of image features. Hundreds of thousands or even more online videos are generated everyday, and the efficiency of classifiers is therefore an extremely important consideration. By taking advantage of feature selection, we can expect to identify a small set of features which can not only perform as good as or even better than the whole feature set, but also minimize the time needed to perform classification. In order to evaluate how feature selection can improve the performance of online video classification, the fourth feature set (FS4) was built by applying feature selection to FS3. 
Information gain (IG) heuristic was adopted to perform feature selection. It has been shown to be an efficient feature selection method used in many text categorization studies (e.g., Abbasi & Chen, 2005; Koppel & Schler, 2003; Yang & Pedersen, 1997). In this study, we used Shannon entropy measure (Shannon, 1948) in which:
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If videos are classified into two categories in the data collection process and the numbers of videos in the two categories are the same, H(C) is 1. Then a specific feature conditional entropy H(C|F) is calculated for each feature F. If videos contains feature F are all in the same category, H(C|F) is 0 and IG(C,F) is 1. However, if numbers of videos containing feature F of these two categories are the same, H(C|F) is 1 and IG(C,F) is 0. Therefore, IG(C,F) is between 0 and 1, and features with higher IG scores have better abilities to distinguish videos in different categories. All features with IG greater than 0 are selected.      
C. Classification and Evaluation 

As mentioned in the literature review, HMM, GMM, and SVM were the most adopted classification techniques in the previous video classification studies using non-text features. However, in our framework, user-generated text data were used as proxies of videos. Therefore, even though these three techniques can also be applied to text features, we would like to choose classification techniques which have been frequently used in text-analysis. Three state-of- the-art classification techniques in text-analysis studies (e.g., Das & Chen, 2007; Zheng et al., 2006) were used to construct video classifiers (i.e., SVM, C4.5, and Naïve Bayes) and their performances were also compared. SVM, not only widely adopted in video but also in text classification studies, is a powerful statistical machine learning technique first introduced by Vapnik (1995). Due to its ability to handle millions of inputs and its good performance, SVM was used in previous authorship analysis studies (e.g., de Vel, 2000; Diederich et al., 2000). In addition, some studies have shown the excellent performance of SVM in video classification (Jing et al., 2004; Lazebnik et al., 2006). ID3 is a symbolic learning algorithm which has been extensively tested and shown its ability to compete with other machine learning techniques in predictive power (Chen et al., 1998; Dietterich et al., 1990). C4.5, an extension of ID3, is a decision-tree building algorithm developed by Quinlan (1986). Based on a divide-and-conquer strategy and the entropy measure, C4.5 focuses on classifying mixed objects into categories according to attribute values of objects. Based on Bayes' theorem with strong independence assumptions, Naïve Bayes classifier is a probabilistic classifier and uses the feature values of a new instance to estimate the probability of each category. It has also been used to perform text classification tasks in previous studies (Lewis, 1998; Mccallum & Nigam, 1998; Sahami, 1996). 10-fold cross-validation was used to evaluate all classifiers.
To evaluate the prediction performance, accuracy is adopted to evaluate the overall classification correctness of each classification technique (Abbasi, Chen, & Nunamaker, 2008). We use the average classification accuracy across all 10 folds as shown below.
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V. Testbed and Hypotheses
A. Testbed

To evaluate our video classification framework, we chose YouTube as our data source. YouTube is the world’s largest video-sharing website. It provides robust APIs for searching videos and downloading user-generated text information about these videos. In this study we collected the following seven types of user-generated data for each video: descriptions, titles, author names, names of other videos uploaded by the video author (AuthorVideoName), comments, categories, and tags. The difference between tags and categories is that tags are given by authors of videos and could be any term, while categories are predefined by YouTube and selected by authors when uploading a video. We found these seven data types to be the most content rich and carefully populated by the video authors. 

The proposed framework can be used to identify videos for any topic or user interest. In this study, we aimed to identify extremist videos on YouTube. Many previous studies have demonstrated the need to identify illegal, extreme, or violent content on the Internet (Burris et al., 2000; Schafer, 2002). Chen et al. (2008) showed that Web 2.0 has become an effective grassroots communication platform for extremists to promote their ideas, share resources, and communicate with each other. Extremist videos, such as suicide bombing, attacks, and other violent acts can often be found on YouTube. Therefore, automatically identifying online extremist videos has become a major research challenge for Web 2.0 (Chen et al., 2008; Salem et al., 2008).

Our testbed was created by using seventy-eight extremism-related English keywords selected by extremism study experts, who have studied extremist groups for many years and who have previously participated in government-funded and other research projects, to search for videos on YouTube. These keywords represent major topics, ideas, and issues of interest to many domestic and international extremist groups. In total, user-generated meta data for 31,265 potentially relevant videos were collected. These videos included query-related videos (videos directly retrieved from YouTube using given keywords), related videos (videos related to the query-videos), and author-uploaded videos (videos uploaded by the authors of query-related videos). 

To evaluate our video classification framework, 900 videos were randomly selected and tagged by extremism study experts as extremist or non-extremist videos. Among these 900 videos, 224 videos were tagged as extremist videos and 676 as non-extremist videos. In this study we included 224 extremist videos and 224 randomly selected non-extremist videos as our testbed. 

B. Hypotheses

We developed the following hypotheses to examine the performances of different feature sets and classification techniques for video classification.

· H1: By progressively adding more advanced and content-rich feature sets and applying feature selection, video classification performances can be improved

· H1.1: A combination of lexical and syntactic features outperforms lexical features alone in video classification, i.e., FS2 (F1+F2) > FS1 (F1).
· H1.2: A combination of content-free and content-specific (lexical and syntactic) features outperforms combination of the content-free features alone in video classification, i.e., FS3 (F1+F2+F3) > FS2 (F1+F2).
· H1.3: Applying feature selection on all feature sets improves online video classification, i.e., FS4 (Selected F1+F2+F3) > FS3 (F1+F2+F3).
· H2: By using user-generated text data, SVM outperforms other classification techniques in video classification.
· H2.1: SVM outperforms C4.5 in video classification by using user-generated text data, i.e., SVM > C4.5.

· H2.2: SVM outperforms Naïve Bayes in video classification by using user-generated text data, i.e., SVM > Naïve Bayes.

VI. Experiment Results and Discussion
For the 448 videos in our testbed, feature counts of four feature sets (FS1, FS2, FS3 and FS4) are shown in Table IV. The feature size was reduced from 34,229 (FS3) to 3,187 (FS4) after feature selection. 
The experiment results of different feature types and techniques are summarized in Table V and Fig. II. We observed for all three classification techniques the increase in accuracy as more advanced and content-rich feature types were used, except when using C4.5 with FS2. In addition, after applying feature selection, the accuracy increased about 5.7% (C4.5) to 13.8% (SVM). In terms of classification techniques, SVM consistently outperformed C4.5 and Naïve Bayes with all feature sets. The best performance was achieved by using SVM with selected features of all feature types (FS4). Also, by comparing with the best performances of these three techniques, we found that C4.5 had the worst performance. The best performance of C4.5 was only 66.09%, while Naïve Bayes and SVM had accuracy rates of 83.22% and 87.2% respectively. The results indicated that C4.5 was not as efficient as the other two techniques in solving this problem. We discuss the results based on three aspects: feature types, classification techniques, and key features.

A. Comparison of feature types
To examine the effect of adding more advanced and content-rich features and of applying feature selection, we conducted pairwise t-tests for our first hypothesis group (H1). The result is showed in Table VI. 

When using lexical features alone (FS1), the accuracy rates were 59.7%, 59.21%, and 61.39% for C4.5, Naïve Bayes, and SVM respectively. The result indicates that lexical features themselves are not efficient to use in classifying videos on online video-sharing sites. One possible reason is that the user-generated text data are generally short, and lexical features and vocabulary richness features may not be useful for short text data (Tweedie & Baayen, 1998). 

The t-test result of H 1.1 shows that adding syntactic features helped Naïve Bayes and SVM significantly improve their performance, however, it significantly worsened the performance of Naïve Bayes. In addition, the improvements of Naïve Bayes and SVM were only 0.76% and 1.68% respectively. These results may also due to the short length of user-generated text data. Some user-generated data types, such as video title and description, often contain only one or few sentences, and other types, such as video tags and categories, may consist only of terms or phases. These text data are too short to represent the users’ habits of using punctuation and function words. 

Content-specific features improved the performances significantly for all classification techniques (3.3% to 10.9%), and hypothesis H1.2 was fully supported. It confirms the main assumption of this study that user-generated information does provide explicit content-specific information and can be used as efficient proxies of videos (e.g., for extremist videos, keywords such as suicide bombing and attacks appear frequently). 

The experiment results also showed that feature selection can not only efficiently remove redundant or irrelevant features from large feature sets (from 34,229 features in FS3 to 3,187 features in FS4) but also significantly improve the classification performances no matter which classification technique was used (t-tests of H1.3 are all supported). 

B. Comparison of classification techniques
To compare the performances between different classification techniques (C4.5, Naïve Bayes, and SVM) on the accuracy of video classification for online video-sharing sites, we conducted pairwise t-test for the second hypothesis group (H2) and p values of the t-tests are shown in Table VII.

The testing result of H2.1 shows that SVM achieved significantly higher accuracy than C4.5 for all feature sets, which was consistent with previous studies in that SVM typically had better performances than decision tree algorithms (Diederich et al., 2000; Zheng et al., 2006). As for H 2.2, SVM also significantly outperformed Naïve Bayes for all feature sets. 
C. Key Feature Analysis

Since the FS4 significantly outperformed the combination of all feature types (FS3) with smaller number of features, we consider features of FS4 as key features which are likely the most significant discriminators with the least redundancy. To get more insights about key features in video classification for online video-sharing sites, we analyzed the feature distribution of FS4. Fig. III shows the numbers of key features by user-generated data type. All seven user-generated data types contributed to key features. Among the 3,187 key features, 1,222 features came from names of author videos, 1,027 features came from comments, and 409 features came from video descriptions. 
Nevertheless, the number of key features is not sufficient to identify the importance of user-generated data types, because the numbers of original features of these data types are different. For example, from Fig. III, data type “Category” contributed only 40 key features and is unlikely to be an important data type. However, in Fig. IV, which shows the percentage of the overall features in each user-generated data type that are key features, we found 9.05% of overall features in “Category” are key features, which makes “Category” an important data type. In summary, among seven data types, "AuthorVideoName” contained the highest percentage of overall features that are key features (14.17%), and “Category” and “Tag” took second and third place respectively.
Fig. III and Fig. IV confirmed our assumption that in addition to video tags, which is the only user-generated text data used in previous online video classification studies (Sharma & Elidrisi, 2008), other data types can also provide informative information about the associated videos. For extremist videos on YouTube, text data created by the video authors (e.g., tag and description) and text data created by reviewers (i.e. comments) are both useful for classification. 

We also conducted key feature analysis by feature types. As we can see in Fig. V, the content-specific features contributed most of the key features, including 2,056 features from character n-gram, 701 features from word n-gram, 188 features from binary features, and 125 features from POS n-gram. It might be due to the large size of content-specific features (32,556) comparing with those of the other two feature types (1,673 in total). 
Fig. VI shows the percentage of the overall features in each feature type that are key features. Lexical feature had the highest usage even though it had the smallest size of feature set. Content-specific features contributed the most key features in terms of feature numbers, but generally its feature usage percentage was lower than lexical features, which also indicates the importance of feature selection. In addition, syntactic features had the least contribution. 
From Fig. V and Fig. VI, we observed that key features came from not only content-specific features (e.g., word-n-grams and POS tag-n-grams) but also content-free features (e.g., frequencies of function words and the number of different words), and therefore our assumption that both content-specific and content-free features (i.e. lexical and syntactic features) contributed to discriminating videos based on users’ interests were confirmed. 

VII. Evaluating the Impact of Video Classification 
on Social Network Analysis: an Example

Similar to blogs and forums, implicit cyber communities in online video-sharing websites can be defined by the interactions among users who have similar interests, including commenting, linking, or subscriptions (Chau & Xu, 2007; Fu et al., 2008). Video classification is very important for community detection and social network analysis in video-sharing websites because its results can be used to identify users of similar interests. Inaccurate video classification results affect not only the overall network topology of implicit cyber communities in video-sharing websites, but also individual node analyses such as centrality measures and participant roles, which are important units of cyber content analysis (Henri, 1992; Rourke et al., 2001).  

In order to illustrate how the proposed video classification framework can improve social network analysis as compared to the keyword-based query approach, we present an example from YouTube. User-generated text data for a total of 543 videos were collected by searching the phrase “white power” that refers to white supremacy groups on YouTube. Again these videos included query-related videos, related videos, and author-uploaded videos. Relevant videos identified by our domain experts (through manually tagging), our video classification framework, and the keyword-based query approach which assumed all these videos were relevant, were used to construct the social networks respectively. Authors and reviewers of each identified relevant video were considered to have interactions and thus linked with each other. Considering the size of the generated social networks, we excluded links between pairs of YouTube users who had only one interaction. Fig. VII showed the social networks generated by using a spring layout algorithm, which places more central nodes near the middle.
Our video classification framework performed well in this example, with the classification accuracy as high as 76.43%. Consequently the generated social network was very similar to the actual network and revealed the overall network topology of the white supremacy group community on YouTube. For example, the actual network had 42 users and 5 connected components, while ours had 66 users and 12 components. In contrast, the keyword-based query approach generated a social network with a very different network topology due to many irrelevant videos. Its network contained as many as 379 users and 28 connected components.
Our video classification framework was also more reflective of users’ actual involvement in the community, with a more approximate measurement of betweenness, closeness, and degree ranks, compared with the keyword-based query approach. For example, both the network of our video classification framework and the actual network ranked user “barbituraSS” 1st for all the three measures mentioned above. This meant that user “barbituraSS” was the most important person in the white supremacy group community on YouTube. However, the network of keyword approach underestimated his/her importance by ranking this user 6th for betweenness and degree measures and 237th for closeness measures. This disparity is attributable to the keyword approach exaggerating the size of the community by incorporating many irrelevant videos. In sum, the results suggest that the proposed video classification framework will result in a more accurate representation of the social network structure of implicit cyber communities for online video-sharing websites, and be helpful for individual node analyses, which is important for cyber content analysis.
VIII. Conclusions and Future Directions

In this study, we proposed a framework for text-based video content classification for online video-sharing sites. Different types of user-generated data (e.g., titles, descriptions, and comments) were used as proxies for online videos, and three types of text features (lexical, syntactic, and content-specific features) were extracted. We also adopted feature selection to improve accuracy and identify key features for online video classification. In addition, three feature-based classification techniques (C4.5, Naïve Bayes, and SVM) were compared. Experiments conducted on extremist videos on YouTube demonstrated the good performance of our proposed framework. 

Several conclusions can be drawn from our findings. First, our results show that user-generated text data is an effective resource for classification of videos on video-sharing sites. The proposed framework was able to classify online-videos based on users’ interests with accuracy rates up to 87.2%, achieved by using SVM with selected features of all feature types (FS4). Second, adding more advanced and content-rich feature sets can improve the classification performance, no matter which classification technique was adopted. Compared with using only lexical features, using all text features increased accuracies up to 12%. Third, the feature selection process can significantly improve the classification performance. After applying feature selection, the accuracies sharply increased about 5.7% (C4.5) to 13.8% (SVM). Fourth, among SVM, Naïve Bayes and C4.5, SVM were the best classification techniques for most cases, which was consistent with the findings of previous studies (Diederich et al., 2000; 
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In the future we would like to consider both text features and non-text features for online video classification. We also intend to explore additional available user-generated data types, such as the user information of video authors and video reviewers. Moreover, we also plan to investigate other classification techniques and feature selection methods which may also be appropriate for text-based classification tasks.
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Appendixes
TABLE I: Taxonomy of Video Classification Studies
	Domains

	Category
	Description
	Label

	General TV program
	Sport games, News, Weather reports, Commercials
	D1

	Movie and Movie Preview
	Movies, Movie preview videos
	D2

	Specific Scenario Video
	Staff meeting videos
	D3

	Archival Video
	Videos of TRECVID, Internet Archive, or Open Video 
	D4

	Video-sharing Website Video
	YouTube, MySpace, and Flicker videos
	D5

	Feature Types

	Category
	Description
	Label

	Non-text Features
	Low-level Video Features
	Non-text features extracted from row clips, such as color, motion and texture features
	NT-L

	
	Mid-level/High-level Video Features
	Semantic features, such as face, object, and anchor detection
	NT-MH

	Text Features
	Video Embedded Text Features
	Text features from video embedded information, such as subtitles and close-caption.
	T-E

	
	User-generated Text Features
	Text features from user-generated information, such as video titles, descriptions, tags and category names
	T-U

	Techniques

	Category
	Description
	Label

	Machine Learning Techniques for Classification
	Such as Hidden Markov Models (HMM) , Gaussian Mixture Model (GMM), and Support Vector Machine (SVM)
	T1


TABLE II: Selected Major Studies of Video Classification
	Previous Studies
	Domains
	Feature Types
	Techniques 

	
	D1
	D2
	D3
	D4
	D5
	NT-L
	NT-MH
	T-E
	T-U
	T1

	Huang et al., 1999 
	√
	
	
	
	
	√
	
	
	
	HMM

	Girgensohn and Foote, 1999 
	
	
	√
	
	
	√
	
	
	
	GMM

	Zhou et al., 2000 
	√
	
	
	
	
	√
	
	
	
	Rule-based classifier

	Dimitrova et al., 2000
	√
	
	
	
	
	
	√
	
	
	HMM

	Lu et al., 2001 
	√
	
	
	
	
	√
	
	
	
	HMM

	Pan and Faloutsos, 2002 
	√
	
	
	
	
	√
	
	
	
	Vcube

	Lin and Hauptmann, 2002 
	√
	
	
	
	
	√
	
	√
	
	SVM

	Ma and Zhang, 2003
	√
	
	
	
	
	√
	
	
	
	SVM, KNN

	Rasheed et al., 2003 
	
	√
	
	
	
	√
	
	
	
	Mean-Shift Classification

	Gibert et al., 2003 
	√
	
	
	
	
	√
	
	
	
	HMM

	Duan et al., 2003 
	√
	
	
	
	
	√
	√
	
	
	C-Support Vector

	Xu and Li, 2003
	√
	
	
	
	
	√
	
	
	
	GMM

	Hsu and Chang, 2005
	
	
	
	√
	
	√
	√
	
	
	SVM

	Luo and Boutell, 2005
	
	
	
	√
	
	√
	√
	
	
	SVM & Bayesian Network

	Messina et al., 2006
	√
	
	
	
	
	√
	
	
	
	Fuzzy C-Means

	Hung et al., 2007
	√
	
	
	
	
	√
	√
	
	
	Bayesian Belief Network

	Xu and Chang, 2008
	√
	
	
	
	
	√
	√
	
	
	SVM

	Sharma and Elidrisi, 2008
	
	
	
	
	√
	
	
	
	√
	M5P Trees



D1: General TV program,

D2: Movie and movie preview,

D3: Specific scenario video,

D4: Archival video,

D5: Video-sharing website video,

NT-L: Low-level video features (a sub-category of non-text features),

NT-NH: Mid-level/high-level video features (a sub-category of non-text features),

T-E: Video embedded text features (a sub-category of text features),

T-U:
User-generated text features (a sub-category of text features),

T1: Machine learning techniques for classification.

TABLE III: Text Features Adopted in This Research
	Features
	Descriptions
	Feature

Counts

	Lexical features (F1)
	
	

	  Character-based features
	
	

	    1. Total number of characters
	
	1

	    2. Total number of alphabetic characters
	
	1

	    3. Total number of upper-case characters
	
	1

	    4. Total number of digit characters
	
	1

	    5. Total number of white-space characters
	
	1

	    6. Total number of tab spaces
	
	1

	    7-32. Frequency of letters
	
	26

	    32-53. Frequency of special characters
	
	21

	
	
	

	  Word-based features
	
	

	    54. Total number of words
	
	1

	    55. Total number of short words
	Words less than 4 characters
	1

	    56. Total number of characters in words
	
	1

	    57. Average word length
	
	1

	    58. Average Sentence length in terms of word
	
	1

	    59. Average Sentence length in terms of character
	
	1

	    60. Total number of different words
	
	1

	    61. Hapax legomena
	Frequency of once-occurring words
	1

	    62. Hapax dislegomena
	Frequency of twice-occurring words
	1

	    63-82. Word length frequency distribution
	Frequency of words in length of 1 to 20
	20

	
	
	

	Syntactic features (F2)
	
	

	    83-90. Frequency of punctuations
	
	8

	    91-239. Frequency of function words
	
	149

	
	
	

	Content-specific features (F3)
	
	

	    POS tag n-grams
	Unigram, bigrams and trigrams
	Various

	    Character-level n-grams
	Unigram, bigrams and trigrams
	Various

	    Word-level n-grams
	Unigram, bigrams and trigrams
	Various

	    Video tags 
	Binary features
	Various

	    Video categories
	Binary features
	Various


TABLE IV: Feature Counts of Experiment Feature Sets

	Feature Sets
	Feature Counts

	FS1 (F1)
	574

	FS2 (F1+F2)
	1,673

	FS3 (F1+F2+F3)
	34,229

	FS4 (Selected F1+F2+F3)
	3,187


TABLE V: Accuracy for Different Feature Sets and Different Techniques
	
	C4.5
	Naïve Bayes
	SVM

	FS1
	59.70%
	59.21%
	61.39%

	FS2
	58.05%
	61.61%
	62.51%

	FS3
	61.33%
	68.80%
	73.42%

	FS4
	66.09%
	83.22%
	87.2%


TABLE VI: Pairwise T-testing of Hypotheses Group 1 (H1) on Accuracy 
	
	C4.5
	Naïve Bayes
	SVM

	Hypotheses
	p value
	p value
	p value

	H 1.1. FS2 > FS1
	0.0066**
	<0.0001**
	<0.0009**

	H 1.2. FS3 > FS2
	<0.0001**
	<0.0001**
	<0.0001**

	H 1.3. FS4 > FS3
	<0.0001**
	<0.0001**
	<0.0001**


Significant levels *α= 0.05 and ** α= 0.01

TABLE VII: Pairwise T-testing of Hypotheses Group 2 (H2) on Accuracy
	
	FS1
	FS2
	FS3
	FS4

	Hypotheses
	p value
	p value
	p value
	p value

	H 2.1 SVM > C4.5
	0.0016**
	<0.0001**
	<0.0001**
	<0.0001**

	H 2.2 SVM > Naïve Bayes
	<0.0001**
	0.0013**
	<0.0001**
	<0.0001**


Significant levels *α= 0.05 and ** α= 0.01
TABLE VIII: Degree and Centrality Measures of User “barbituraSS”

	Method
	Betweenness
	Closeness
	Degree

	
	Value
	Rank
	Value
	Rank
	Value
	Rank

	Actual
	252.167
	1
	739
	1
	25
	1

	Classification
	320.500
	1
	2,536
	1
	28
	1

	Keyword
	320.500
	6
	133,057
	237
	28
	6
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Fig. I - TEXT-BASED VIDEO CLASSIFICATION SYSTEM DESIGN 
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Fig. II - VIDEO CLASSIFICATION ACCURACIES FOR DIFFERENT FEATURES AND TECHNIQUES
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Fig. III - KEY FEATURE DISTRIBUTION ACROSS USER-GENERATED DATA TYPES
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Fig. IV - PERCENTAGE OF KEY FEATURES BY USER-GENERATED DATA TYPES
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Fig. V - KEY FEATURE DISTRIBUTION ACROSS FEATURE TYPES
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Fig. VI - PERCENTAGE OF KEY FEATURES BY FEATURE TYPES
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Fig. VII - SOCIAL NETWORKS OF WHITE SUPREMACY GROUPS ON YOUTUBE






























� Any inquiry regarding the work reported here should be directed to Chunneng Huang (cnhuang@email.arizona.edu)





PAGE  
37

_1315158093.unknown

_1315158240.unknown

_1315158253.unknown

_1315158186.unknown

_1315158033.unknown

_1301075390.unknown

