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Abstract. This paper proposes a novel indexing and ranking method for video 
clips on video sharing Web sites that overcomes some of the problems with 
conventional systems. These problems include the difficulty of finding target 
video clips by the emotional impression they make, such as level of happiness, 
level of sadness, and so on because text summaries of video clips on video 
sharing Web sites usually do not contain such information. Our system extracts 
this type of information from comments on the video clips and generates an 
impression index for searching and ranking. In this work, we present analytical 
studies of video sharing Web site. Then, we propose an impression ranking 
method and show the usefulness of this method on the experimental test. In 
addition, we describe the future direction of this work. 
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1   Introduction 

The popularity of video sharing Web sites has exploded over the past couple of years. 
YouTube, the main video sharing Web site in the world, had more than 80 million 
videos as of May 2008. NicoNico Douga, the main video sharing Web site in Japan, 
had about 2.7 million videos at the end of June 2009. On these sites, a vast number of 
users enjoy watching video clips. For example, Ellacoya Networks reported that 
nearly 79 million users watched more than 3 billion video clips on YouTube in 
January 2008 alone. 

Video sharing Web sites have two types of users: uploaders who upload clips to the 
sites and viewers who view the uploaded clips. The basic procedure is that an 
uploader uploads a video clip with a title and a short summary. Then, the uploader 
and viewers add tags to the video clip to categorize it. A viewer can watch popular 
video clips by checking the video clip rankings and can find a target video clip by 
navigating with tags or by searching with keywords. However, it is not easy to find 
target video clips because the text information for each clip is very short. Particularly, 
the text information for each clip usually does not contain information about the type 
of emotional impression that the video clip might make happy, sad and so on. 

On the other hand, people sometimes want to search video clips by impression. For 
example, when a user wants to lighten his mood, he may look for a funny video clip. 
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When a user wants to cry from watching a video clip, he may look for a tear-jerker. In 
addition, a user may want to watch video clips on subjects such as, for example, 
“amazing football technique” or “how to cook delicious food”. However, it is too 
difficult to find such video clips because such impression information for each clip is 
sparse and conventional systems provide only popularity-based ranking mechanisms 
and do not provide such impression-based searching and ranking. As a result, users 
may be unable to find clips relevant to their desired impression. 

On YouTube and NicoNico Douga, users can post comments about a video clip, 
evaluating it or recommending it to other users. For example, NicoNico Douga had 
about two billion comments for about 2.7 million video clips at the end of June 2009. 
In addition, YouTube and NicoNico Douga have an embedded video service for Web 
pages, while many blog services enable bloggers to easily embed such video clips into 
their blogs. Many bloggers thus embed video clips that they recommend to their 
readers. Nevertheless, YouTube and NicoNico Douga do not use such social 
annotation to improve their search services. 

In this work, we focus on using social annotation such as Weblogs, social 
bookmarks, and comments to generate indexes of video clips (Fig. 1). For example, in 
comments and Weblogs referring to a video clip, there may be comments about the 
user’s impression of the clip such as their evaluation of it, whether they enjoyed it, or 
if it made them feel sad. Such information is very useful for generating an index of 
video clips on video sharing Web sites for the purposes of searching and ranking. 

 

Fig. 1. Social annotation on video clips 

Our ultimate goal is to develop a system for indexing and ranking video clips on 
video sharing Web sites that uses all relevant social annotation available on the World 
Wide Web such as comments on video sharing Web sites, comments on Internet 
bulletin boards, entries in Weblogs, tags in social bookmark services, and text on 
mash-up sites. As a first step, in this work, we propose a method for generating an 
impression index based only on comments about video clips. The impression indexing 
method enables users to search for or rank video clips based on feelings such as 
happiness, sadness, and surprise. We also developed a ranking algorithm based on the 
index and used a prototype system to experimentally evaluate our approach.  

We first describe related work and explain the function of video sharing Web sites 
and social annotation. Then, we describe the results of our analytical study on the 
impact of social annotation on video sharing Web sites. Next, we describe our 
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indexing and ranking methods and present the results of prototype testing, which 
shows the usefulness of our method. Finally, we conclude with a brief summary and a 
look at future work. 

This work makes three significant contributions. 

 It shows that comments are an important contribution to video sharing Web 
sites as a form of social annotation. 

 It shows that impression indexing and ranking of video clips can be done by 
using comments found in social annotation. 

 It experimentally shows that our impression index and its ranking are useful 
to look for target video clips depending on an emotional impression. 

2   Related Work 

Video indexing is a fundamental technique that enables users to search for a specific 
scene in a video clip or to generate a summary of a video clip. Several indexing 
methods have been proposed that use visual features such as color [2], camera motion 
[1], human faces [8], text obtained from closed captions [14], and classes and 
volumes of audio information [3, 4, 12]. These methods were mainly designed for use 
with broadcast TV programs, but they can be extended to video clips on video sharing 
Web sites. However, because they use only data provided by the content provider, the 
indexes generated basically reflect only the provider’s intentions. These methods thus 
cannot incorporate factors such as the viewpoints and responses of viewers into the 
search and ranking functions for video clips. 

Dimitrova et al. proposed a content-based video retrieval method that uses an 
example video clip [9]. The content-based approach is one method of retrieving video 
clips. We approach the video-retrieval problem differently. We will show the 
usefulness and potential of social annotation for video retrieval. 

We proposed and developed a system for generating a summarizing video of a TV 
program by analyzing comments on an Internet bulletin board about the program [5]. 
This system classifies comments into the categories of delight and sorrow by pattern 
matching with a delight/sorrow dictionary. The system then generates an index for 
making a digest based on the level of delight or sorrow. Uehara et al. described a 
system for creating an attention graph from dialogues on an Internet bulletin board 
about a TV drama [6]. This system detects the level of viewer attention by analyzing 
the comments for each scene in the drama. These researches only focused on 
searching for specific scenes within a video clip and did not focus on searching for a 
video clip from a large video clip database. In addition, these researches did not 
address the generation of an index for searching for and ranking video clips. 

Several methods have been described for using social annotation to judge the 
quality of content. For example, Yanbe et al. [15] and Heyman et al. [11] proposed 
using social bookmarks to rank Web search results. Yanbe et al. focused on using 
impression tags for Web pages to rank search results. Boydell et al. [10] proposed 
summarizing Web pages on the basis of social bookmarks. These efforts showed the 
potential of using social annotation for evaluating the quality of content. However, 
using social annotation to generate an index of video clips and to judge their quality 
has not been addressed. 
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3   Video Sharing Web Site 

Millions of video clips have been uploaded to video sharing Web sites, and millions 
of users watch them. In the work reported here, we used NicoNico Douga as the video 
sharing site as it is the most popular video sharing Web site in Japan. It had about 10 
million users as of the end of October 2008. Users can upload, view, and share video 
clips as they do on YouTube and other video sharing sites. The differences between 
NicoNico Douga and the others are the simplicity of posting comments at specific 
points in a video clip and a function that enables users to overlay posted comments on 
a video clip. 

While YouTube users can also post comments for a video clip, it is not easy to post 
comments at a specific playback point. Instead, commenters include the target 
playback time in their posted comments such as “Watch him fall at 2:30!” When a 
NicoNico Douga user posts a comment for a video clip he is watching, the system sets 
the playback time of the video clip at the time the comment was posted as the target 
playback time of the comment. The user can easily post comments for a specific time 
point in a video clip with this system. 

Moreover, NicoNico Douga overlays the comments for a video clip at the 
corresponding playback times. Users enjoy not only watching the video clip but also 
seeing the comments of others at the appropriate points in the video. This 
synchronicity creates a sense of a shared watching experience. This comment overlay 
function can be turned on and off by the user. 

As mentioned, NicoNico Douga had more than 1.9 billion comments for 2.5 
million video clips as of May 2009. There were more than 10 million comments for 
the most commented upon video clip! We can thus say that comments make an 
important contribution to video sharing Web sites as a form of social annotation. We 
will address their impact more specifically in the next section. 

We believe that such video sharing sites will become even more popular 
worldwide, and that the number of video sharing sites will continue to increase. In 
fact, several video sharing sites have followed the lead of NicoNico Douga and have 
started providing synchronous comment services (LYCOS mix1 in Japan, AcFun2 in 
China, and so on). In addition, some mash-up sites have started to manage posted 
comments and overlay them on video clips that are stored on other video sharing Web 
sites. The alpha version of NicoNico Douga was also a mash-up site that used video 
clips stored on YouTube. 

On NicoNico Douga and similar sites, the information and social annotation for 
each video clip usually include the following: 

 Identification number of a video clip 
 Title and summary of the video clip, which are written by the uploader 
 Number of times viewed, number of posted comments, and number of times it 

has been marked as a favorite 
 Upload date and length of the video clip 
 Tags added by users 
 Viewer comments. 

                                                           
1 http://mix.lycos.jp/ 
2 http://www.acfun.cn/ 
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A viewer comment generally includes the identification number of the viewer, the 
comment itself, the date posted, and the corresponding playback time. 

NicoNico Douga uses the number of views, comments, and favorite settings to rank 
video clips on the assumption that these metrics reflect popularity. While this may be 
sufficient in terms of determining overall popularity, it is insufficient for indicating 
the quality of a video clip. For example, it is not easy for users to search for tear-
jerker video clips. In addition, they cannot rank video clips by the level of “tear-
jerker-ness.” Conventional systems do not provide such indexing or ranking systems. 
Our method for generating an impression index for video clips does. 

4   Analytical Study 

First, we created two sub-datasets of the weekly and monthly 100 most commented 
upon video clips to evaluate the usefulness of the number of comments about a clip in 
NicoNico Douga. Here, we manually assigned “low quality video clip” to video clips 
that are specifically focused on collecting comments (i.e., the uploader asks viewers 
to post comments), video clips that are typing games (i.e., viewers type text in 
response to presented text), and video clips made for greeting each other and so on. 
Figure 2 shows the relationship between the rankings of video clips based on the 
number of posted comments and the number of low quality videos. In this figure,  
the horizontal axis is the ranking based on the number of posted comments and the 
vertical axis is the number of low quality video clips. 

We found that about 18% of the weekly top 100 clips and 32% of the monthly top 
100 clips were low quality. In addition, there were more low quality video clips 
among those that ranked the highest than among the low ranked video clips based on 
the number of posted comments. This result indicates the number of comments is 
insufficient for judging the quality of video clips. 

To construct a dataset for analyzing NicoNico Douga’s comments, we developed a 
comment crawler that collect the comments and some information such as the title, 
 

 

Fig. 2. The relationship between the rankings of video clips based on the number of posted 
comments and the number of low quality videos 
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summary, and tags and so on. Each NicoNico Douga video clip is identified by a 
unique number and the largest video clip identification number was just over 
5,000,000 when we started to crawl them (October 21, 2008). Our crawler generates 
an identification number randomly from 1 to 5,000,000 to crawl them. We limited the 
crawling to the most recent 1,000 comments per clip because, as mentioned, a video 
clip can have up to 10 million comments. 

We ended up with 968,721 video clips (19.4% of all clips on NicoNico Douga). 
Although the number was relatively small compared to the total number of clips, it 
was sufficient for analyzing the impact of social annotation. 

We divided the dataset into live video clips, which users could watch, and dead 
video clips, which users could no longer watch because they had been deleted. There 
were 304,460 live video clips and 664,261 dead video clips. This means that 68.57% 
of the video clips in our dataset had been removed either because the uploaders had 
removed them or because the service had removed them due to copyright violations. 
On this site, copyright violation is a major reason for removal. The number of crawled 
comments for the live video clips in our set was 56,473,136. 

The video clips in our dataset had an average length of 549.44 seconds. Moreover, 

 The average number of viewings was 4072.73. 
 The average number of comments was 479.88. 
 The average number of times a video clip was marked as a favorite was 

56.67. 

Figure 3 shows the relationship between the number of posted comments and the 
percentage of the video clips in our dataset that had that number of comments. In this 
figure, the horizontal axis is the percentage of video clips in our dataset and the 
vertical axis is the number of posted comments per video. As shown by the plot in this 
figure, about 38.5% of the video clips in our dataset had more than 100 comments, 
and about 5% had more than 2000. 

 

Fig. 3. Percentage of video clips with specified number of posted comments 

We developed a dictionary that supported the generation of an impression index to 
classify comments as either positive or negative, and as indicating happiness, sadness, 
and surprise [16]. 
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In this dictionary, there are 217 patterns of regular expressions to match positive 
comments, 232 patterns to match negative comments, 13 patterns of regular 
expressions to match comments expressing happiness, 30 patterns to match comments 
expressing sadness, and 7 patterns to match comments expressing surprise. We 
generated these regular expressions manually to detect the type of impression of the 
comments. 

Here, we randomly selected 10,000 comments from our dataset to check the 
accuracy and coverage of extracting each factor. “Accuracy” is the percentage of 
extracted comments that are correct, i.e., they match the target impression. 
“Coverage” is the percentage of correct comments that are extracted. The correct 
comments were manually identified. 

 100
)_(

)__( ×=
commentextractedNum

commentcorrectextractedNum
Accuracy  

 100
)___(

)__( ×=
datasetincommentcorrectNum

commentcorrectextractedNum
Coverage  

As shown in Table 1, the accuracy was a little lower for “happiness” than for other 
impressions. The reason for the low accuracy of detecting “happiness” comments was 
that viewers use the laughing symbol not only for laughing but also mockery. To 
solve this problem, we have to analyze comments in detail. 

Table. 1. Accuracy and coverage 

 

If the number of comments for a video clip is small, our system processes have 
lower reliability. However, 38% of video clips have more than 100 comments. We 
can say that their accuracy and coverage are sufficient to judge the level of 
impressions or to rank video clips according to impression. 

We then used our dictionary to judge the impression of each comment in our 
dataset. On average, for each video clip, there were 22.24 positive comments, 10.25 
negative comments, 71.24 comments expressing happiness, 6.32 comments 
expressing sadness, and 2.18 comments expressing surprise. That is, there were 
relatively more comments that were positive or that expressed happiness. We can say 
that there are many positive comments and comments expressing happiness and there 
are few comments expressing surprise or sadness. These average values are useful for 
judging the types of the impression of a video clip. 

Next, to analyze the relationship between the impression comments and their 
corresponding playback times, we created a sub-dataset containing those video clips 
in the original dataset with more than 100 comments. This sub-dataset contained 
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117,217 video clips. In this analysis, first, our system normalizes the playback time of 
the video clip by dividing it into 100 units of playback time. Then, the system 
calculates the ratio of total comments and the ratio of each type of impression 
comment in each playback unit and each video clip. Finally, the system calculates the 
average of these in each playback unit. 

Figure 4 shows the change in the number of comments by impression as video 
viewing progressed. The horizontal axis represents the video playback time in 
percentage terms. The vertical axis represents the ratio of comments for each 
impression. 

 

Fig. 4. Average ratio of comments by impression as video viewing processed 

We found that the ratio of comments that were negative, sad, or expressed surprise, 
on average, was fairly evenly distributed over the playback time. In contrast, the 
average ratio of total comments decreased from the start to about 90% of the playback 
time and then sharply increased. Moreover, the ratio of positive comments decreased 
slightly from the start to about 90% of the playback time and then also sharply 
increased until the end of viewing; the ratio of positive comments at the end was 
twice that at the start. We can use these results to normalize the level of each 
impression at each point in time during playback or as a threshold for assigning one or 
more impressions to a video clip. 

Here, we extracted 1519 enjoyable video clips that were tagged “enjoyable” or 
“laughter,” and 560 tear-jerker video clips which were tagged “tear-jerker” or 
“moving” from our dataset by matching the tags. Our system normalized video clips 
with 20 playback units. 

Figures 5 and 6 show the change in the number of comments by impression as 
video viewing progressed. Figure 5 relates to enjoyable video clips and Figure 6 
relates to tear-jerker video clips. In these figures, the horizontal axis represents the 
video playback time in percentage terms and the vertical axis represents the ratio of 
comments for impression. 

We found that tear-jerker video clips had many comments expressing sadness, 
more than enjoyable video clips, and more than the average of all video clips in our 
 



 Video Search by Impression Extracted from Social Annotation 409 

 

Fig. 5. Average ratio of comments by 
impression as video viewing processed in 
enjoyable video clips 

 

Fig. 6. Average ratio of comments by 
impression as video viewing processed in 
tear-jerker video clips 

dataset. In addition, we also found that the end of tear-jerker video clips had many 
positive comments, more than the end of enjoyable clips. We can use these 
differences to determine the type of video clip. 

5   Our Method 

5.1   Impression Indexing and Ranking 

Using the results of our analyses, we developed a method for ranking video clips for 
impression searching. 

Our system uses this method not only for ranking video clips but also for searching 
by impression. 

Our system first normalizes the playback time of a video clip by dividing it into 
100 units of playback time. Next, the system counts each type of impression comment 
in each playback unit using our dictionary. Then, the system calculates the impression 
score of the video clip using the following equation. 

 
all
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all
all total
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where v is the target video clip, s is the target impression the user searches for 
impressionall is the total number of comments expressing target impression s, totalall is 
the total number of comments to the video clip, w(i) is a weight value for target 
impression i, and positivek is the number of positive comments in the kth playback 
unit. In this equation, we emphasize the positive comments at the end of the video clip 
based on the results shown in Fig. 4. In addition, we set w(sadness) as higher than 
w(happiness) because of the results shown in Figs. 5 and 6. 

When the user searches for an impression i for a list of extracted video clips, the 
system calculates the score of each impression. The clips are sorted on the basis of the 
scores. 

If a query contains an impression keyword (i.e., moving, tear-jerker, laughter, 
happiness, sadness, surprising, and so on) that is defined in the query modification 
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dictionary we prepared, our system uses these terms not only for the keyword search 
but also for impression-based ranking. 

When a user submits an impression term with other keywords as a query, our 
simple query modification mechanism first extracts video clips with the other 
keywords and then sorts by the level of the input impression. 

For example, when the user inputs “tear-jerker cat story” as a query, the system 
extracts video clips that contain “cat story”, sorts them by the level of sadness, and 
displays them. 

5.2   Implementation 

We developed our crawling system using Perl. The system crawls the video clip 
comments and the title, summary, tags, posted date, length, and so on and stores them 
in a database. 

When the user inputs a query that does not contain an impression term, the system 
first returns a ranking of video clips based on NicoNico Douga’s popularity-based 
rankings. Then, our system enables users to rank the list of video clips on the basis of 
happiness, sadness, surprise, positive response, and negative response by clicking the 
impression button. After that, the system re-ranks the list of video clips based on the 
calculated impression score. 

In addition, we also developed our client system as an extension of Mozilla Firefox 
3.0. This system automatically generates a time-related graph for each video clip when 
the user accesses a ranking page showing the video search results or a video clip page. 
Figure 7 compares the conventional system and our system. The conventional system has 
no function to rerank the search results and only provides a thumbnail image, posted date, 
title, summary, recently posted comments, length, and some other information. 

 

Fig. 7. The left figure is an image of a list of search results using the conventional system. The 
right figure is an image of a list of search results using our system. Our system shows 
impression graphs and has several control buttons the user can click to rerank the search results. 

Figure 8 is a screen snapshot of our system. With this system, a user can easily see 
how the impression levels changed during viewing, enabling him or her to judge the 
quality of a video clip before watching it. Figure 9 shows an example of an 
impression graph. Figure 10 shows a screen snapshot after reranking by level of 
sadness. The user can use our system without stress because our system can rerank 
100 search results in only two seconds. 
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Fig. 8. Sample screen snapshot showing ranking of cooking video clips. Change in impression 
levels during viewing is shown on the right. 

 

Fig. 9. An impression graph. The horizontal axis is the playback time. The vertical axis is the 
number of comments. 

 

Fig. 10. Sample screen snapshot showing reranking of cooking video clips by level of sadness. 
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5.3   Evaluation 

We evaluated our method experimentally to determine its usefulness to our system. In 
our evaluation, we used our collected dataset, which has 304,460 clips. In this 
experimental test, we conducted a user-based experiment to judge the usefulness of 
impression ranking. 

We prepared five lists of enjoyable video clips and five lists of tear-jerker video 
clips, as determined by their tags. Each tag list of video clips had more than 10 video 
clips. We selected the top 10 most commented upon video clips in each list as a 
dataset. Then, we asked two users to judge the level of happiness and sadness of these 
video clips after watching them. They evaluated the video clips from 1 to 5. We did 
not inform the users of how the video clips had been ranked. 

After collecting the user evaluations, we used our system to rank them according to 
the levels of happiness and sadness. Figure 11 plots these results. In this figure, the 
horizontal axis is the video clip rank based on our system and the vertical axis is the 
user evaluations of the video clips. 

The results suggested that our system is useful for ranking video clips based on the 
level of sadness, but not for ranking clips based on the level of enjoyment. 

 

Fig. 11. Results of the impression ranking 

6   Discussion 

Our analytical studies showed the impact of comments as social annotation to video 
clips. They also showed how impressions such as happiness, sadness, and surprise 
change during viewing. We are confident that these results will be useful for future 
research in this area. Searching and ranking by impression will be one type of  
next-generation search system. 

In a conventional system, the user cannot search for video clips based on impression 
information if the video clips do not contain any text about the impression, and, in fact, 
almost no video clips contain such impression information. Our system enables users 
to conduct an impression search. For example, a user can search for tear-jerker video 
clips, enjoyable video clips, and amazing video clips using our system. 
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There are many video clips that receive comments classified as indicating sadness. 
We asked our students to use our system and we received their feedback. We then 
found that high quality tear-jerker video clips had many comments expressing sadness 
throughout and many positive comments at the end. This knowledge supports our 
equation for calculating a sadness score. 

Here, we focused only on happiness, sadness, surprise, positive response, and 
negative response. We can improve our system and develop new methods for ranking 
based on impression. We plan to improve our dictionary to detect additional 
impressions and context such as positive comments saying “thank you” and positive 
comments evaluating the video. If we can better utilize such comments we can 
improve our ranking method. 

In addition, we plan to detect the senses related to posted comments (i.e., taste, 
sight, smell, touch, and hearing). If we can rank video clips on the basis of senses, the 
user can easily find video clips appealing to the sense of taste, beautiful video clips, 
video clips agreeable to the ear, and so on. 

We did not take users or user groups into consideration. For example, users who 
support the F.C. Barcelona football team may enjoy video clips of matches lost by the 
Real Madrid football team or clips that viewers who support Real Madrid found 
disappointing. This impression is based on rivalry. There are many such situations. 
We thus plan to introduce group-based video ranking/recommendation. 

We think that we can use posted comments to generate text indexes. For example, 
users post an actor name or event name to the specific playback time. Then, we can 
detect what happened or who acted and so on by analyzing posted comments. In 
addition, there have been many studies on detecting actors’ actions [7] or faces by 
image-based retrieval [13] methods. If we can combine these methods and our 
impression indexing method, we can create better indexing methods of video 
information retrieval. 

8   Conclusion 

In this paper, we showed the potential of video clip comments on video sharing Web 
sites and proposed an indexing and ranking method for searching video clips based on 
emotional impression extracted from these comments. Our impression indexing and 
ranking methods showed the potential of our system to contribute to next-generation 
video search techniques. 

We did not consider blogs because the size of our crawled dataset was not large. 
We are now crawling blog entries to generate an index of video clips, and we plan to 
add this to our system and evaluate its usefulness. We think that the quality of content 
in blog entries is better than in video comments. Once we have introduced the use of 
blog entries for generating an index of video clips, we will focus on the differences in 
quality and quantity. 
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