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ABSTRACT 
 
A large number of novels are being up-
loaded as online novels. The present paper 
proposes a ranking algorithm based on the 
users’ favorite lists (bookmarks). Empirical 
evaluation has been conducted with respect 
to each genre of novels. In several genres, it 
is confirmed that the top ranked novels in 
July are predicted from the bookmarks of 
May. 
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1 INTRODUCTION 
 
The search and recommendation mecha-
nism are crucial to help users to discover 
their favorite contents among a huge 
number of contents that were posted by 
users. Measurement to evaluate the qua l-
ity of contents and method to categorize 
the contents are the most important 
mechanism in such systems. Collective 
intelligence has been paid much atten-
tion as a method to realize the two 
mechanisms. In [2, 9, 10], tags and 
comments by other readers are used to  
search and recommend related contents 
for a reader. 

User generated type contents services, 
such as Youtube1), Nicovideo2) and 
YouKu3), are popular. The popularity of 
online novels are has been g 1 oing up 
gradually, in recent years. The number 
of contents and the number of readers 
are increasing in the site of “Qidian” in 
China [1] and the site of “Syosetu” in 
Japan [12]. Those online novels might 
be on the sales targets of e-book termi-
nals such as Amazon Kindle. 
 
Recommendation and categorization 
have been gaining much interest as re-
search target. Not only recommendation 
of commercial products but also the rec-
ommendation of movies [9, 10] and sci-
entific papers [2] have been the targets 
of those research. Faceted analysis of 
documents [11] is very close to those 
researches. Ranking of the online novels, 
which is the subject of the present paper, 
is a new research target. There are a few 
works which considers ranking of the 
online novels in the site of “syo-
setu.com” [5, 6], where ranking method 
and categorization methods are proposed. 
 
The site of “syosetu.com” contains more 
than 13 million online novels as of Sep-
tember 2012 and is still drastically in-
                                                 
1) http://www.youtube.com/ 
2) http://www.nicovideo.jp/  
3) http:www.youku.com/ 

 



 

creasing the number of contents and 
readers. The quality evaluation is one of 
the most important and difficult task not 
only for online novels but also for mov-
ies and products. Most of those online 
novels are written by amature writers 
and might not be of good quality. How-
ever, there are some  high quality novels 
found as well. It is necessary to find ap-
propriate data source for estimating the 
quality. 
 
In ”syosetu.com”, the readers can write 
their feedback  to the author of the novels. 
Readers can register a favorite novel in 
the site, if they want to read the next epi-
sodes in the novel. The system automati-
cally notifies the readers concerning the 
new addition of section or episode to 
their favorite novels. A user can regis-
trate his/her favorite authors as well. The 
system notifies the latest section of the  
novel or the latest novel by the authors. 
Readers can write their comments on a 
novel if the author of the novel admits. 
Those comments become as strong en-
couragement for writers. Some com-
ments point out the typographic errors 
and improvement of the contents. 
 
The feedback from readers expresses the 
desirability to  the novel. The readers’ 
favorite registration can be considered as 
collective intelligence. The total registra-
tion number by readers in May is used as 
ranking measurement. The present paper 
proposes a ranking method of online 
novels based on the bipartite graph struc-
ture of novels and readers. Moreover, we 
focus on the difference of weights for 
each genre according to each reader. 
There are some expert readers for pa r-
ticular genres. But it is not always the 
case that they can appropriately evaluate 
any kinds of novels. 
 

The rest of the paper is organized as fol-
lows. Section 2 reviews the related work. 
Section 3 describes the structure of “syo-
setu.com”, the basic statistics such as the 
number of novels and the number of 
readers, as well as the distribution of 
keyword frequencies in the novels. In 
section 4, we propose a ranking of nov-
els based on the bipartite graph structure. 
Section 4 shows examples of ranked 
novels and  the evaluation of the method 
in predicting the popularity.  Section 6 
concludes the paper and sho ws further 
work. 
 
2 RELATED WORK 
 
There are many researches and services 
to recommend commercial products. The  
basic information for recommendation 
are easily collected as the reputation of 
the product by users. For example, [3] 
propose a recommendation system 
which retrieves products of recommen-
dation by analyzing the relationship of 
products, users and tags from social me-
dia such as SNS. 
 
On the other hand, there is no research 
or service to recommend  online novels, 
as far as the authors know. One of the 
reasons of this difference, that the uthors 
guess, is in the ratio between the number 
of targets and the number of readers. 
Concerning to product reputation, the  
number of users is very large compared 
to the number of products to  be evalu-
ated. One product may require a large 
amount of money to create it as a com-
mercial product. On the other hand, 
CGM (Consumer Generated Media) re-
quires almost no money. At least a user 
is not required to pay any money to post 
his/her comment in such a site. The 
online novels uploaded in “syosetu.com” 
are created free by amature writers. As a 



 

result, the number of contents and the 
number of readers are very close  (Table 
1). This fact indicates a difficulty in col-
lecting many reputations against each 
content and then a difficulty in applying 
well known recommendation method 
such as collaborative filtering. 
 
Tags are recognized as core information 
inWeb2.0 to infer the contents of the tar-
get items. However, some of tags  may 
be nothing but noises, since they are as-
signed too easily by users. [8] tried to 
get rid of those noises by assigning ap-
propriate weight to each tag depending 
on user’s preference. 
 
In “syosetu.com”, a writer can assign at 
most 15 keywords as tags to his/her 
novel. However, those keywords can be 
determined by the writer’s choice and  
cannot be used as controlled vocabulary 
for classification of novels. 
 
Extraction of meaning and evaluation 
from the relation of novels, readers and 
keywords that are assigned by users to 
novels is the crucial point in ranking and 
recommendation system. It would be 
natural to think of applying graph theory 
whose nodes are novels, readers and 
keywords and  whose edges are their co-
occurrence relations. Thus, the graph 
will be formalized as a tripartite graph. 
In the present paper, however, the au-
thors consider bipartite graph whose 
nodes are novels and readers. This 
choice of formulation has the following 
two merits. First merit is in the  simplic-
ity and the visibility of the graph where 
we can focus on novels and readers. The 
second merit is in the performance as 
computation time. If we chose all of 
three objects, i.e., novels, readers and 
keywords, the total number of edges 
would be quite large compared to our 

choice. The reasonable performance  
speed is very important factor in real 
services. 
 
Conventional recommendation systems 
use collaborative filtering to optimize 
the precision of recommendation. How-
ever, the recommended results tend to 
contain items that a user already knows 
before. [4] proposed the notion of nov-
elty and three algorithms to discover 
new items as recommendation. They 
evaluated that their algorithm work  well 
in recommending new interesting items 
to users. However, their evaluation has 
nothing to do with time-axis. In the pre-
sent paper, we are interested in recom-
mending items that will be interesting to 
a user in near future even though the 
user does not know now. We make an 
empirical evaluation of the proposed 
recommendation method in time-axis. In 
this sense, our method can be considered 
as a prediction method as well as rec-
ommendation method. In other words, 
our proposed method predicts the nov-
elty of the novels and the future ranking 
of novels. 
 
 
3 STATISTICS ON “syosetu.com” 
 
In this section, we explain the  organiza-
tion of the site ”syosetu.com”, the num-
ber of novels and the number writers. 
We also describe a basic statistics con-
cerning to the distribution of frequencies 
of words which were assigned to novels 
by users. 
 
3.1 Organization of “syosetu.com” 
 
The site ”syosetu.com” is served by 
HINA PROJECT inc. where anyone can 
subscribe and read their novels freely. 



 

Table 1  The number of Novels, Readers and 
Authors  

 
Table 1 shows the number of writers, 
readers and novels  as of May, July and  
September 2012. There is no distinction 
between writers and readers except that a 
writer registrates at least one novel of 
his/her own. The number of  “my pages” 
in the table represents the number users 
who bookmarked their favorite novels in 
the site. The list of favorite novels are 
kept by the system for each user. We  
will explain in detail on ”my pages” later. 
The decline of the numbers of novels 
and writers in September 2012 are due to 
the removal by the administrator of non-
original novels, i.e., the  secondary writ-
ings. 
 
Figure 1 illustrates the interaction be-
tween an author and his/her readers. An 
author can upload his/her novel to the 
system. A reader can not only read a 
novel but also can write his/her com-
ments to the novel. A novel may contain 
several sections. If a novel contains only 
one section, it is a short novel. Other 
novels are serial novels where the author 
can upload the latest section as he/she 
writes. In the case of a serial novel, the 
author can specify a conclusion. When 
an author contributes a novel, he/she can 
set the title, the author’s name, the genre, 
keywords and the outline as metadata. 
Genre has to be chosen from 15 key-
words provided by the site management 
side. The author can choose arbitrary 
keywords freely with a limited length. 
The outline can be Figure 1 illustrates 

the interaction between an author and 
his/her readers. An author can upload 
his/her novel to the system. A reader can 
not only read a novel but also can write 
his/her comments to the novel. A novel 
may contain several sections. If a novel 
contains only one section, it is a short 
novel. Other novels are serial novels 
where the author can upload the latest 
section as he/she writes. In the case of a 
serial novel, the author can specify a 
conclusion. When an author contributes 
a novel, he/she can set the title, the au-
thor’s name, the genre, keywords and the 
outline as metadata. Genre has to be 
chosen from 15 keywords provided by 
the site management side. The author 
can choose arbitrary keywords freely 
with a limited length. The outline can be 
described as he/her wishes with a limited 
length. 
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Figure 1   Data Model 

Anyone can read the contributed novels 
without user registration.  The person 
who carried out user registration to the 
site can send his/her feedback by scoring 
and commenting to a novel. The regis-
tered users can use their bookmarks of 
favorite novels and favorite writers. Us-
ers have their own ”my page” to see the 
registered information as well as related 
novels. Figure 2 illustrates the structure 

 May 2012 July 2012 September 
2012 

Novels  159,090 168,396 137,730 
Readers 240,730 258,478 272,512 
Authors 53,396 56,214 44,585 

My Pages 92,418 --- --- 



 

of the my page of a user. In my page, a 
user can check the latest series of his/her 
favorite novel and the latest novels of 
his/her favorite writer. 
 

 
Figure 2 My Page of a User 

 
3.2 Distribution of Keywords Fre-

que ncies 
 
We collected the HTML pages that on-
tain meta-data from syosetu.com in April 
2012. At the same time, we collected the 
list of score of novels and the list of fa-
vorite novels with respect to each user. 
The followings are a basic analysis on 
the frequency distribution of genres and 
keywords in meta-data of novels. Note 
that our analysis is based on the meta-
data and is not on the whole content of 
the novels. There are 128,115 unique 
words written as keywords of novels by 
the writers. Table 2 shows the top 20 
words together with the frequency of 
each word. Some the  top words are 
marked as warning words by the  man-
agement side. The top word ”cruel de-
piction” and the third ”R15” in Table 2 
are examples of those warning words. 
The warning words are used in filtering 
of novels. The reader who does not like 
cruel contents can limit to the novels 

which do not contain the keyword ”cruel 
depiction”.  

Table 2 Top 20 Frequent Words 

 
 
Figure 3 plots the frequencies of the 
words in decreasing order. We can ob-
serve that the distribution follows the 
Zipf’s law. 
 

 
Figure 3  Distribution of Keyword 

Frequencies 
 

Rank Word Freq. 

1 cruel depi ction 27,696 

2 love 26,669 

3 R15 21,718 

4 modern 21,547 

5 fantasy 20,247 

6 high school student 15,633 

7 serious 12,900 

8 tender 11,651 

9 different world 11,433 

10 youth 9,303 

11 magic 8,673 

12 girl 8,169 

13 comedy 7,893 

14 school 7,277 

15 friendship 6,960 

16 Boy 6,696 

17 campus 6,689 

18 happy end 6,685 

19 literature 4,859 

20 dark 4,742 



 

Most of the keywords have very low fre-
quencies. Table 3 displays the number of 
words whose frequencies are smaller 
than 11. There are 99,481 words that ap-
pear only once. There are 11,440 words 
that appear twice. Over 86% of all words 
are covered by those words that appear 
at most twice. 
 

Table 3 Rates of Infrequent Words  
frequency unique word Rate (%) 

1 99,483 77.7 
2 11,440 8.9 
3 4,760 3.7 
4 2,490 1.9 
5 1,667 1.3 

 
3.3 AUTHORS’ TREND ANALYSIS 
 
Next, the tendency for every author was 
investigated. We collected author IDs 
indicated in novel metadata and ana-
lyzed the tendency of the number of con-
tributed novels and  the number of key-
words for every author. Table 4 shows 
the IDs and the number of contributed 
novels for the top 10 writers. 
 

Table 4 Top 10 Writers 
rank ser-ID the number 

of novels 
1 73 1,218 
2 26055 491 
3 107085 425 
4 26407 300 
5 153402 290 
6 34896 265 
7 9272 254 
8 47590 233 
9 126858 230 

10 200 200 
 
Figure 4 shows the distribution of the 
number of novels in descending order. 
Note that both axes are drawn in log-

scale. We can observe that the distribu-
tion follows the  Zipf’s law. 
 

 
Figure 4  Distribution of the Number 

of Novels by a Writer 
 
At the next step, we analyzed each writer 
if he/she focuses on a particular genre or 
writes a variety of novels in many genres. 
We used the correlation between the 
number of contributed novels and the 
number of keywords for each writer. The 
scatter diagram of the number of novels 
and the number of keywords is shown in 
Figure 5. 

 

 
Figure 5  The number of contributed 
novels and the number of keywords 

by a writer 
 
We can observe that the points appear 
below a line. This is because of the limit 
of the number of keywords that can be 
assigned to a novel. The maximal  num-
ber of keywords for a novel is 15 in syo-
setu.com. As the consequence of this 



 

restriction, the number of keywords is 
smaller than 15 times of the number of 
contributed novels for each writer. This 
is why we see the straight line showing a 
maximum number of keywords. We can 
observe that the number of keywords 
and the number of novels are correlated. 
It means that most of the writers con-
tribute their novels with a variety of 
keywords. However, we can observe that 
there are several authors with very few 
keywords. The right top point represents 
the writer who has the largest contrib u-
tion number of novels (175) and with the 
largest number of keywords (618). 
 
4  RANKING OF NOVELS BASED 
ON BIPARTITE GRAPH 
 
4.1 Bipartite Graph of Novels and 
Readers  
 
We introduce a graph structure to for-
malize the ranking of novels. We use the 
symbols U, C, A, Cu and Uc to represent 
the following data sets. 
 

U : The set of user u (u ∈  U) repre-
sents a user. 

C : The set of contributed novels c (c 
∈ C) represents a novel. 

A : The set of authors a (a ∈  A) 
represents a writer. 

Cu : The set of favorite novels of a 
user. 

Uc : The set of users who registered 
the novel c as a favorite novel 

 
The relation between the writers, the 
novels and the readers can be drawn as a 
tripartite graph. The set of nodes of the 
tripartite graph consists of U, C and A. 
An edge (u, c) shows the fact that the 
user u registered the novel c in his/her 
favorite. An edge (u, a) represents the 
fact that the user u registered the author 

a as his/her favorite. An edge (a, c) 
represents the fact that the novel c is 
written by the author a. Figure 6 illus-
trates the linkages between users, novels 
and authors. 
 

 
Figure 6 Tripartite Graph of Users, 

Novels  and Authors 
 
Figure 7 illustrates a bipartite graph of 
readers and novels, where edges repre-
sent bookmarks. This is obtained from 
Figure 6 by deleting writers. 
 

 
Figure 7. A Bipartite Graph of eaders 

and Novels 



 

 
4.2   Problems of Conventional Rank-
ing Methods 
Two ranking methods are widely used in 
many user contribution type contents 
sites. The first method is the ranking 
by popularity and the other is the  rank-
ing by freshness. Popularity ranking is 
measured by the number of readers, the  
evaluation scores by users and the num-
ber of bookmarks. 
 
In the site of “syosetu.com”, the ranking 
of a novel c is determined by the follow-
ing formula (1), where |Uc| denotes the 
number of bookmarks that contain the 
novel c, tu;c denotes the sentence evalua-
tion score (1..5 points) and su;c denotes 
the story evaluation score (1..5 point) of 
the novel c by a user u. p(c) denotes the 
overall score of the novel. 

 
The top ranked novels by this formula 
are read by many readers, have high 
evaluation scores and are stored in the  
bookmarks of many readers. Since this 
score is accumulated, the old novels tend 
to gain high ranking. On the other hand, 
it is very rare for a new novel to be 
ranked in the upper position, even if the 
quality of the novel is good enough. 
 
This is not a problem specific to syo-
setu.com but is a common problem of 
the accumulation type scores. To ove r-
come this problem, many sites utilize the 
popularity ranking in recent period. In 
fact, “syosetu.com” and “nicovideo 
movie” provide the daily, weekly and 
monthly popularity rankings. 
 
Popularity ranking is useful for begin-
ners and light users. Those users have 
almost no experience of reading the no v-
els in the site. They will be satisfied in 

reading top ranked popular novels most 
of which are old. On the other hand, the 
ranking in the latest popularity is useful 
for heavy users. They spend much time 
at the site and read many contents. 
Chances would be very hight that those 
user have read most of the popular nov-
els. A heavy user reads and hunts for the  
new novel contributed. Therefore, the 
ranking by freshness will be fine for 
them. 
 
There is no appropriate popularity rank-
ing for the  middle-class users. They like 
reading novels but do not have much 
time to read and hunt for many novels. 
This paper proposes a ranking method 
for those middle-class users. 
 
4.3 Intuition of Ranking Algorithm 
 
We apply the HITS algorithm [7] assum-
ing that the bookmarks represent a kind 
of link structure. HITS stands for Hyper 
Induced Topic Selection. The HITS al-
gorithm calculates the hub-degrees and 
the authority-degrees of Web pages by 
propagating the score along the linkage. 
As a result, highly scored Web pages can 
be extracted. 
 
The reason why we apply HITS to  
bookmarks of novels is that we have the 
following hypothesis. There are a small 
number of readers, or judges, who can 
make excellent choices of novels among 
many heavy users who haunt novels. 
They take the initiative in other readers, 
and have the capability to select the 
novel of high quality out of the novel 
contributed recently. Middle-class read-
ers would keep a good novel in their 
bookmark if they find a good novel by 
chance. 
 
If we consider the novels as authorities 



 

and the readers as  hubs and the book-
marks as links, we arrive the following 
mutual definitions of good readers and 
good novels. Good readers are those 
who bookmark good novels. Good no v-
els are those novels which are book-
marked by good readers. However, a na-
ive application of HITS will be identical 
to the popularity ranking. 
 
We are not interested in the final scores 
of the HITS algorithm. Instead, we con-
sider the intermediate values in the itera-
tion process of HITS algorithm. In this 
formulation, we think that we can simu-
late how the influence of the  good read-
ers are propagated. 
 
4.4 SHIP Algorithm 
Now we describe the proposed algorithm 
SHIP (SHimizu Ito Process). The algo-
rithm propagates the scores of novel as-
signed by a small number of judges. We 
use the following notation in the defin i-
tion of SHIP. 
 
w(u) represents the weight of a reader u. 
w(c) represents the weight of a novel c. 
We denote the weight of a reader and a 
novel after n times iteration by wn(u) and 
wn(c) respectively. There are many pos-
sibilities as the initial weights of w0(u) 
and w0(c). We used the same constant 
value as the initial weights in the ex-
periment of the next section. The rank-
ing of novels are given by the weight in 
descending order. 
 
The SHIP algorithm calculates wn(u) 
and wn(c) by the following procedure. 
 
// Initialization 
1 for each user u in U do 
2   w(u) = 1 
3 for each content c in C do 
4   w(c) = 1 
// Calculation of Weights 
5 function SHIP(U,C) 

6   for step from 1 to n do 
7     norm = 0 
8     for each user u in U do 
9       w(u) = 0 
10      for each content c in 
 C_u do 

11         w(u) += w(c)/|C_u| 
12      norm += square(w(u)) 
13    norm = sqrt(norm) 
14    for each novel c in C do 
15      w(u) = w(u)/norm 
16    norm = 0 
17    for each content c in C do 
18      w(c) = 0 
19      for each u in U_c do 
20        w(c) += w(u)/|U_c| 
21      norm += square(w(c)) 
22     norm = sqrt(norm) 
23     for each page c in C do 
24       w(c) = w(c)/norm 
 
The time complexity of the algorithm is 
O(n ?  r), where n is the number of edges 
of the bipartite graph, i.e., n = S(Uc) = 
S(Cu) and r is the iteration count. We 
confirmed that that the iteration count r 
can be lower than 20 to get the best es-
timation. 
 
5 EXPERIMENT AND 
EVALUATION 
 
This chapter describes the experiment 
and the evaluation of the prediction per-
formance of the proposed ranking 
method. The hypothesis is that we can 
predict the future ranking of novels 
based on bookmarks that we already 
have. In actual experiment, the ranking 
obtained by SHIP using the bookmarks 
as of May, 2012 is compared with the  
real popularity ranking as of July, 2012. 
 
5.1 Dataset 
 
We collected the meta-data of online 
novels and the  bookmarks as of May, 
2012 and as of July, 2012 from syo-
setu.com. Table 5 lists the details of the 
dataset that we used for evaluation.  



 

 
 
 

Table 5 Dataset 
 May 2012 July 2012 

|C| 159,090 168,396 
|C’| 64,519 - 
|U| 240,730 258,478 
|U’| 92,418 - 
|E|  5,435,508 - 

 
In Table 5, U represents the set of all 
users, U’ represents the set of all users 
who register at least one novel in his/her 
bookmark. C represents the set of all 
novels, C’ represents the set of novels 
which are registered by at least one user. 
|E| is the total number of registered nov-
els in bookmarks, i.e., the number of 
links from users to novels. 
 
It is worthwhile to note that the ranking 
algorithm yields the same result when it 
is applied to either U and C or U’ and C’. 
Moreover, the size of total sets U and C 
are quite large compare to those of the 
restricted sets U’ and C’. So, we apply 
the SHIP algorithm to U’ and C’. It is 
very common in the case of user contri-
bution type sites that there are enormous 
trial contribution. Those trial contents 
are not bookmarked or assigned scores. 
A large number of such contents locates 
at the bottom in the ranking. We remove  
those trial contents in our evaluation ex-
periment and use meaningful C’ for 
which at least one reader recognized as 
good quality. 
 
5.2 Evaluation 
 
Now we explain how we evaluate the 
ranking. We think that the proposed 
method can predict and can find the 
novels which future popularity take off a 
little bit earlier. To confirm this hy-
pothesis, we compare the ranking ob-

tained  by SHIP from data at the time of 
the past and the ranking at the future 
time. Specifically, the prediction ranking 
from the data as of May, 2012 is com-
pared with the ranking as of July, 2012. 
 
The site of syosetu.com uses the formula 
(1) as the popularity ranking and lists the 
novels in descending order with respect 
to the score. We list the novels c in de-
scending order of the weight wn(c) ob-
tained by SHIP algorithm. We compare 
the top k novels in the original site and 
the top k novels in SHIP ranking. We 
conducted the comparison with  respect 
to each genre.  The following symbols 
denote the experiment datasets. 
 

R5 : Top k novels ranked as of May, 
2012 

R7 : Top k novels ranked as of July, 
2012 

P5 : Top k novels predicted by SHIP 
based on the dataset of May, 2012 
 

Table 6 shows the prediction perform-
ance of SHIP with respect to the top k = 
100 novels and the iteration count r = 20. 
Each column of Table 6 represents the 
following value. 

(R-UP) The number of novels in top 
100 as of July but not in top 100 
as of May, identical to |R5 n  R7|. 

(P-UP) The number of novels in top 
100 by SHIP based on dataset as 
of May but not in top 100 as May, 
identical to |P5 n  R5 n  R7| 

(Performance) Prediction perform-
ance calculated by PUP/ 
R-UP 

 
Table 6 Prediction Performance 

Genre R-UP P-UP Performance 
(%) 

all genres 14 1 7.14 
literature 6 1 16.67 
love 3 3 100.00 



 

history 6 1 16.67 
mystery 3 1 33.33 
fantasy 15 6 40.00 
SF 2 1 50.00 
horror 6 5 83.33 
comedy 8 5 62.50 
adventure 6 4 66.67 
school 7 1 14.29 
war 4 1 25.00 
fairy tale 6 4 66.67 
poetry 11 4 36.36 
essay 7 6 85.71 

other 5 3 60.00 
 
The second column (P-UP) of Table 6 
contains at least one novel. It means that 
SHIP succeeds to predict at least one 
novel that was not in top 100 as of May 
but was in top 100 as of July. The pe r-
formance in all genres, the first line, is 
very low. In fact, only one new novel is 
succeeded to predict in top k = 100. 
However, SHIP gains over 50% the pre-
diction performance in more than half 
genres. Remember that “fantasy” and 
“love” are the genres which contains the 
largest number of novels in Table 2. 
SHIP succeeds to predict 100% in “love” 
and 40% in “fantasy”. 
 
We do not have a clear theory to explain 
why the performance varies with respect 
to genre. However, such an hypothesis 
would be reasonable that the influence of 
judges are very weak in the genres 
whose prediction performances are low. 
The novels in such low prediction genres 
might be tagged with the keywords of 
other genre. For example, it is reported, 
in [6], that most novels in the history 
genre tend to be tagged with “love” and 
“fantasy”. The readers who have good 
eyes on historical novels would not read 
the love historical novels or the fantasy 
historical novels. At least, they would 
not make a bookmark on those mixture 
novels. As a result, the number of 
bookmarks on the history genre becomes 

small and then the prediction perform-
ance of SHIP becomes low. The number 
of readers who like historical novels 
might be very small at all. 
 
6   CONCLUSION 
 
The contents services of the user partici-
patory type are becoming in fashion and 
popular in recent years. In search of in-
teresting contents, search, a classifica-
tion, and the recommendation technique 
are important, since contents are huge. 
 
There are no editor or no trained librar-
ian concerning to online novels. Neither 
quality evaluation nor a classification 
technique is clear. On the other hand, 
there are many readers  who perform 
comment and favorite registration. If we 
can use the collective intelligence gained 
by a large number of readers, search, the 
ranking, and a classification of good  
quality may be possible. 
The present paper proposed a ranking 
method to predict the future popularity 
based on the linkage information be-
tween novels and readers. The method is 
based on the HITS algorithm. Perform-
ance evaluation is conducted using real 
dataset in a Japanese online novel site 
syosetu.com. As a result, it turned out 
that the proposed method is sufficiently 
effective with respect to main genres. 
More precise evaluation will be neces-
sary. We used only two datasets of May 
2012 and July 2012. Evaluation in the  
long range is needed to confirm if the 
method is stable or  not. In the present 
paper, we used the ranking obtained af-
ter r = 20 times. It is worth while to 
evaluate the effect of the  iteration num-
ber.  
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