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Abstract. In recent years, microblogging is popular among people and informal
communication becomes important in various communities. Therefore, a number
of Web communication tools are developed to facilitate informal communica-
tion. In this paper, focusing on microblogging service, Twitter, we develop a user
recommendation engine which extracts latent topics of users based on follow-
ings, lists, mentions and RTs. This recommendation algorithm is based on Latent
Dirichlet Allocation (LDA) and KL divergence between two users' latent topics.
This algorithm hypothesizes that the users have latent connection if the distance
calculated by KL divergence is short. Additionally, we performed an experiment
to evaluate the effectiveness of the algorithm, and this showed that there is cor-
relation between the distance and user's preference obtained through
questionnaire.
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1 Introduction

Informal communication is quite important in various communities because that is not
only for fun but also connects a person to other people providing with important in-
formation. For example, some researchers insist that communication in a smoking
room accelerates participants to share information. Then, many studies have been made
on informal communication which is beneficial for their daily works and facilitates
information sharing [1,2,3]. These researches don't limit their offline communication
on inquiry. To facilitate online informal communication is, rather, a hot research area.

Web communication services become widely used and developed. To the services,
like message boards, microblogging and Web chat, everyone can access, read and write
in public equally; that is, personal relationships between users had not been included in
the services. However, in recent years, services which focus on the personal relation-
ships become more popular; users only accesses, reads and writes other users' pages
based on their own private relationships. After the facebook [4] emerges, Web com-
munication tools which treat personal informations and the relationships become
popular. Twitter [5] is one of the most popular tools among them. To obtain fruitful
information on twitter, a user should find and follow other users who often tweet
messages in which he/she is interested. He/she can read only the messages of them
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he/she follows. The messages tweeted by them he/she follows are shown on his/her
Time Line (TL). This means that to find users who are suitable for him/her is important
on this informal communication architecture. In this paper, we develop a user rec-
ommendation algorithm by using Latent Dirichlet Allocation (LDA). LDA is a
well-known document clustering method [6]. Usually, LDA is adapted to documents
whose elements are words. In contrast, we apply this to a set of followings of a user and
other information on Twitter. We also evaluate effectiveness of this recommendation
algorithm through an experiment.

2 Background

2.1 Informal Communication Support

Recently, many researchers are studying on informal communication support system.
Nakano et al. proposed the Traveling Café to support informal communication in a
local community [1]. The system support informal communication between coffee
drinkers by prompting person who make a cup of coffee in a coffee room to go to pour
another's cup of coffee. A system proposed by Siio et al. helps people interact with each
other by assuming a place around a coffee machine as informal communication space
[2]. These studies tried to trigger interaction in the real world using ICT.

On the other hand, new online communication services including SNS and mi-
croblogging become booming. In these services, users can communicate with the users'
friends of the real world naturally on the Web, because users can edit friends and
community based on their relationships. In this paper, we focus on informal commu-
nication on Twitter. Our goal is to encourage users to enjoy informal communication on
Twitter. Therefore, we develop user recommendation engine recommending users who
share the similar interest with a target user. In our proposed method, latent topics which
represent users' interests are estimated statistically by using LDA.

2.1 Twitter

Twitter is a Web service on which we can talk to each other with short messages, which
called “tweets”. The length of a tweet is limited to 140 characters. Thus, the feature of
this service is that users can send messages other users more frequently than Web chat
or mail. In this service, “following” and “follower” are keywords'. If a user follows
other users, their tweets are displayed on his/her Time Line (TL). Tweets of users
he/she does not follow are not displayed on his/her TL. Therefore, communication is
hardly generated based on their tweets. So, if the number of followings is a little, he/she
would not use Twitter effectively. In contrast, if he/she follows many users randomly,
they may tweet in which he/she is not interested. His/her TL is filled with their unin-
teresting tweets because their tweets are displayed on his/her TL. So that, communi-
cation on Twitter becomes worthless. Therefore it is important for users to find and
follow users who post interesting tweets for them. However, on Twitter, we try to find
our friends or interesting people who share similar topics with us, keyword search used

! We name the users he/she follows as his/her followings and name the users who follow him/her
as his/her followers.
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frequently on Web is not effective method, because the messages on Twitter is quite
shorter than they on Web pages.

Currently, users usually use alternative methods. The methods include browsing
other users' followings, followers, RT, lists and mentions. RT is a user's tweet by using
another user's tweet (Fig.1). List is a grouping function of a user's followings. He/she
can group his/her followings by using this function. Mention is his/her tweet to a spe-
cific user (Fig.2). These functions give hyperlinks for him/her to find referential users.
We presuppose that the user and the user's followings, users who retweets messages
which generate interests and users who mention for the user have common interest.
Though, there are problems for followings and lists. If we can find a complete list
which follows entire users we want to follow, only we have to do is simply to follow the
list. However, a list is always customized just for one user who made the list. A user
always customizes a list for his/her self. So, we always cannot find a complete list for
us. List is usually edited from one user's personal point of view for personal use. In the
same way, the users cannot make a complete set of their followings.

In this paper, we extract statistically latent topics that generate followings and lists
by using probabilistic model. We assume that users who share same latent topics with a
user are worth following for him/her. We also assume that topics are represented by
clusters of human relations and categories by users on Twitter.

Recommendations With A Tap http//is.gd/XLhA4S App recomend®

R332 webn

K' kogameb Interesting!! RT @tryal Bump Now Lets You Swap App

Fig. 1. Example of RT: kogame5 tweets by using tweet of tryal

. ¥ tanichu @kogarreb Don't ke late for sending me your HCI rmanuscirpt!!!
Okay??7?
- 1 ve

Fig. 2. Example of mention: tanichu tweets to kogame5

3 Latent Topics Extraction

In this section, we introduce Latent Dirichlet Allocation (LDA) [6] to extract latent
topics which generate followings and lists in a sense of generative model. It was de-
veloped to cluster for document, originally. It generates clusters of words and docu-
ments based on Bayesian statistical model. It is a generative model that assumes a
document is multinomial distribution of topic z which generates word w. Our algorithm
clusters users on Twitter using LDA by considering a user as a document. A user's
followings' names, names of lists that include the user, names of target users whom the
user mentioned, and labels of RT are considered as words contained in a document. The
labels of RT are user's name who tweets the original message and number which was put
in time-series when the original message was tweeted. Fig.3 represents LDA's graphical
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model. & and ,B is hyperparameter. We use four kinds of Twitter user information to
make corpus for using LDA. These are described briefly in the next section.
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Fig. 3. Graphical model of LDA

3.1 Types of Corpora

We made four types of corpora using four kinds of user information; following, RT,
mention and list. Our algorithm extracts latent topics by applying LDA to this corpus.

1. following corpus
2. RT corpus

3. mention corpus
4. list corpus

Following corpus is a set of names of users whom the user follows. It also contains
his/her names. RT corpus is a set of labels which consist of a user's name who tweets
the original message and number which was put in time-series when the original
message was tweeted; that is, we do not use text of RT2. Mention corpus is a set of
names of users to whom a user tweets addressing. List corpus is a set of names of list
which contains the target user and it was made by the other users. We made these four
kinds of corpora. By combining some of them, a training data set for a user is prepared.
Additionally, we appended a meaningless string to each users' dataset to avoid each
user's dataset to be empty. In our experiment, we used Twitter API to get Twitter users'
data [7].

3.2 Latent Dirichlet Allocation (LDA) [6]

LDA is a method to estimate latent topics outputting each words by hypothesizing that
document is constructed by words which are generated based on k topic. Griffiths
proposed the method [8] which sample from a mixture model with multiple multino-
mial distributions based on Gibbs Sampling [9,11,12] with LDA. Thus, using this
method, we can sample around global optimal solution without local solution. Distri-
bution (1) can be obtained by a probabilistic argument [8,12].

2 There are two kinds of RT that are official and non-official. We used non-official RT.
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where, Z;is the I th topic; wis a set of words; n,(f)_i is the number of # th word ap-

(k)

peared in the k th topic excluding i th topic; n,,_; is the number of k th topic ap-

peared in the m th document excluding i th document; ¢ is the hyperparameter for

€, which is a parameter of a distribution which generates probability of the m th

document; ,B is the hyperparameter for ¢, which is a parameter of a distribution

which generates probability of the k th topic; V' is number of words; K is number of
topics; M is number of documents. First right-hand member is probability of i th

word in k th topic, second right-hand member is probability of k th topic in m th
document.

Gibbs sampling algorithm for latent Dirichlet allocation
while not finished do

for all documents m € [1,M ] do

for all words n € [1, N ] in document m do

m

for the current assignment of k to a term t for word w,  :

decrement counts and sums: nr(nk) -1;n,-1;n, —-1;
multinomial sampling acc. to Eq.(1) (decrements from previous step):
sample topic index k ~ p(z, | z_;, w)

—i®

use the new assignment of Z_ to the term ¢ for word w _  to:

m,n m,n

increment counts and sums: nr(nk) +1;n, +1; nl(g) +1; ng + 1

end for
end for
end while

Each step of the Gibbs sampling procedure involves replacing the value of one of the
variables by a value drawn from the distribution of that variable conditioned on the values

of the remaining variables. That is, Z; is replaced by the extracted value from distribu-

tion f(z; | z_;, w) . This procedure is repeated either by cycling through the variables in

some particular order or by choosing the variable to be updated at each step at random
from some distribution. Here, M is the number of data, 7" is the number of step.
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3.3 Recommendation Method

Our method calculates distance between two users by comparing the users' probabilis-
tic latent topics. It measures the distance between users' multinomial distributions
representing topics they are interested in with KL divergence. It selects potential users
recommended to a target user if the KL divergence is small enough. KL divergence

from the target user P to a recommended user Q is defined as bellow.

Dy, (P110)=Y" p(x){log(p(x)) —log(g(x))} @

where, X is the topic index, 7" is the number of topics, p(X) is a generation probabil-
ity of the X th topic of auser P .The x th topic is generated from a user P . g(x) isa
generation probability of the x th topic of a user Q. A user O whose distance
D, (P11 Q) <1.5% and whom user P doesn't follow is recommended to user P .

4 Experiment

4.1 Experimental Condition

We extracted RT data and mention data from 50 users' TLs data from 2010/6/28 to
2010/7/1, following data and list data from profiles of 50 users selected for an ex-
periment at 2010/7/1. We prepared corpora by mixing following corpus, list corpus, RT
corpus and mention corpus. We didn't use RT corpus alone because the amount of RT
data is not enough to construct multinomial distributions. Similarity, we didn't use
mention corpus alone, either. By using these data, the LDA constructed multinomial
distributions of topics for each users and multinomial distribution of words for each
topic.Fig.4 indicates an example multinomial distribution of one user.
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Fig. 4. Example of multinomial distribution of user's topic

3 Here, 1.5 is decided with heuristic.
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We assume that this distribution corresponds to the target user's interests. This figure
indicates generation probability of user's topics. For example, this figure shows that
topic 2 is generated with the probability of 75%. Our algorithm recommends users
based on the KL divergence between two users, we conducted experiments to evaluate
effectivity of our proposed method. We selected eight participants from fifty users, we
showed TL of recommended candidates to participants. The candidates include near
users, distant users and half distant users. The near users have distance of

D, (PIIQ)<1.5 . The distant users are up to 2 users of maximum of
Dy, (PIIQ) . The half distant users are up to 3 users of half maximum of

Dy, (Pl Q) around. We got eight participants to answer three questionnaires after

looking through the TLs, followings and lists of the candidates.
Table.1 shows kinds of questionnaires.

Table 1. The three kinds of questionnaires for participants

Questionnaire Answer
Questionnaire 1 | Do you want to follow this user? | 1. I want to follow this user.
2. I may follow this user.
3. Ido not want to follow this user.
uestionnaire € you acquaintance wi is | 1. I am acquaintance wi is user.
t 2 |Arey q t. th this| 1.1 q t th th

user? 2. I am not acquaintance with this
user.
Questionnaire 3 | Had you followed this user? 1. Yes, I had.

2. No, I had not.

We got participants to answer questionnaire 1 “Do you want to follow this user” on a
scale of 1 to 3 that are (1)I want to follow this user (2)I may follow this user (3)I don't
want to follow this user. We got participants to answer questionnaire 2 “Are you ac-
quaintance with this user” on a scale of 1 to 2 that are (1)I am acquaintance with this
user (2)I am not acquaintance with this user. Questionnaire 1 and 2 are asked to
evaluate efficiency of this recommendation algorithm. Besides, Twitter users often
remove their followings. If a target user had followed and removed some recommended
users once, he/she would not want to follow them again. However, we could not get the
history, the result contains unrelated factor which we want to take out. Therefore, we
prepared questionnaire 3 to know the recommended users are followed or not followed.
In this experiment, participants looked twenty four users in average. We prepared four
kinds of corpora. Table.2 shows four types of corpora. We conducted an experiment
and questionnaire each experimental conditions. In this experiment, we used LDA
program “LDA implementation in C++ using Gibbs Sampling” developed and pro-
vided by Phan [10].

Table 2. The four kinds of corpora in experiment

Condition names Kind of corpus
Cl Following

C2 List

C3 Following + list

C4 Following+list+RT+mention
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4.2 Experiment a Result

In this section, we show results of the experiments. Fig.5 shows the results of ques-
tionnaire 1, this indicates the average of KL divergence with error bars representing
standard deviations each experimental conditions. Fig.5 shows distance between mul-
tinomial distributions correlate to averages of questionnaire 1's answer. More in detail,
participants have tend to answer (1)”I want to follow this user” or (2)”’I may follow this
user” if the distance between participant and a recommended user is small enough.
Fig.6 shows the number of the target users' answer of questionnaire 1 to the candidates

in each condition. On C1, C3 and C4, we took similar results. Answer rate of (1)”’]
want to follow this user” is slightly higher on C3 than C1(46% on C3, 40% on
C1). The number of candidates tends to be decreasing on C1 because participants

il
s W | want to do follow
2 M | can do follow
1 M | won't to do follow
o A
Q'_\
X

O

D
O
o

o 4 ] = | want to follow
u | may follow
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Fig. 6. Number of answer of questionnaire 1 each experimental condition
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already followed the candidates. We found that it is not necessarily that recommenda-
tion result is interior division blending a number of corpora. This result indicates that a
method to blend some kinds of data is important. Skipping detailed result, rate of an-

swer (1) on C1(27%) and on C2 (11%) vary greatly. This result indicates that there is
qualitative difference between recommended users on each condition. On the other
hand, lists are made by a user editing his/her followings. Therefore, the lists are not
simple subsets. We skip explaining about questionnaire 3 because there is not dis-
criminative result.

5 Conclusion

In a document clustering with LDA, Blei focuses on a relation between a document and
words in the document. In this paper, we replaced the relation with a relation between a
user and his/her followings or lists. We extracted multinomial distributions of users'
topics by replacing relations between words and documents in LDA with between a
user and the user's followings and lists. We found out similarities of users by comparing
distance of multinomial distributions of users' topics. However, users' RTs and men-
tions data that are active information of users are not valuable. The reason why RTs and
mentions are not valuable is that an experiment term is short. We obtained good result
by recommending users who have a multinomial distribution that is similar to a mul-
tinomial distribution of a target user. We treated user's information which has quanti-
tative difference between the user's followings and lists as same quality things. On
another front, it is important to combine effectively these informations by considering
difference of quality of these informations. To combine effectively these informations,
we refer to Multimodal LDA [13] which is proposed by Nakamura et al. Multimodal
LDA that treats a number of information as same quantitative information, for concept
acquisition.
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