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Abstract. WuXianGouXiang is an O2O(offline to online and vice
versa)-based mobile application that recommends the nearby coupons
and deals for users, by which users can also follow the shops they are
interested in. If the potential followers of a shop can be discovered, the
merchant’s targeted advertising can be more effective and the recom-
mendations for users will also be improved. In this paper, we propose to
predict the link relations between users and shops based on the following
behavior. In order to better model the characteristics of the shops, we
first adopt Topic Modeling to analyze the semantics of their descriptions
and then propose a novel approach, named INtent Induced Topic Search
(INITS) to update the hidden topics of the shops with and without a de-
scription. In addition, we leverage the user logs and search engine results
to get the similarity between users and shops. Then we adopt the latent
factor model to calculate the similarity between users and shops, in which
we use the multiple information sources to regularize the factorization.
The experimental results demonstrate that the proposed approach is ef-
fective for detecting followers of the shops and the INITS model is useful
for shop topic inference.

Keywords: User Behavior, Location Based Services, Matrix
Factorization.

1 Introduction

The growth of intelligent mobile devices like smart phones and tablets have con-
tributed to the popularity of location-based services. The convenience of mobile
devices with GPS and wireless technologies has now enabled the linking between
offline physical location and online access. A hot business model for mobile ser-
vice providers to create profit is O2O(offline to online and vice versa) commerce,
which helps the shops to find new customers by guiding the online users to the
real stores in the physical world.

W. Meng et al. (Eds.): DASFAA 2013, Part II, LNCS 7826, pp. 401–415, 2013.
� Springer-Verlag Berlin Heidelberg 2013



402 L. Wu et al.

In this paper, we aim to predict the follow relationship between users and
shops, which can be formalized as a relational prediction task. However, in real
applications there exists many difficulties for modeling the relationships due to
the following reasons: 1)Heavily-tailed distribution: The distribution of the rela-
tionships between users and shops are heavy-tailed. 2)Sparsity: The relationships
between users and shops are sparse. 3)Incompleteness : The information of the
merchants is incomplete. The descriptions and even the names for many shops
are lost. A basic intuition to tackle these problems is to use some complementary
data. Thus, we propose to exploit some useful information sources from multi-
ple heterogeneous domains. In addition, based on the link analysis algorithm
Hyperlink-Induced Topic Search (HITS) [4], we propose a novel approach called
INtent Induced Topic Search (INITS), which exploits the user intent to predict
the hidden topics of a shop by analyzing the contextual information. The con-
tributions of this paper lie in four aspects: 1)Based on our mobile application
WuXianGouXiang, we put forward a new problem for discovering the followers
of a shop, by which we can offer the better recommendations for users and help
merchants improve the effectiveness of targeted advertising. 2)We design a novel
approach called INITS to predict the hidden semantics of the shops. By analyz-
ing the contextual information of user behaviors, the correlations between the
topics and each of the shops are discovered to tackle the incompleteness of shop
description and reveal the in-depth topic distribution of shops. 3)We exploit
several useful auxiliary data to tackle the problems of sparsity and cold-start
and matrix factorization is adopted to combine the heterogeneous information
sources in a unified manner to solve the optimization problem in global scale.
4)We evaluate our method using real-world data collected by WuXianGouXiang.

The remaining sections of the paper are organized as follows: In Section 2, we
present some related work. Section 3 describes the application, the motivations
and the architecture of our proposed approach. The shop topic modeling and the
INITS algorithm are discussed in Section 4 and Section 5. In Section 6, we present
the proposed algorithm to predict the followers of a shop. The experiments are
shown in Section 7. Section 8 concludes the paper.

2 Related Work

In this section,wewill describe some relatedwork on the location-based recommen-
dation, the link prediction in social networks and the collective link prediction.

Location-Based Recommendation: As the mobile applications become popular
among users, more information like the location, time and the user behaviors
can be collected from the intelligent devices. The recommender system on mobile
devices can now provide help based on the contextual information. In [16,17],
Zheng et al. propose novel approaches to model the user trajectories and the
locations, they recommend the locations and the travel package based on the
users’ GPS logs. Park et al. propose to recommend the restaurants by taking
the user preferences and the location contexts[19]. Bayesian learning is incorpo-
rated to compute a score for each shop thus providing recommendations.
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Link Prediction in Social Networks: When a user follows a shop, the user can
be regarded as a follower or a fan of the shop, which is very similar to the social
network like Facebook and Twitter. So there exist many related work which also
focus on link prediction in social networks. In [1], Backstrom et al. leverage the
training data and the random walk model to predict the relational links. The
polarity of the relational link is also considered in [5], where a logistic regression
model is used to predict the sign of the edge based on the social sciences. More
approaches can be found in [13,8,10] and a survey [7] reviews some of them.
Different from these methods, our model is designed for recommending the shop
following behavior. Since our problem is obtained from a real world application,
the information is very sparse and incomplete, so we leverage other data sources
to tackle this while the methods mentioned above model the relationship between
the user and the item individually.

Collective Link Prediction: In this paper, we leverage several useful information
sources to solve the problem of sparsity, cold-start and data incompleteness.
Thus, our work is similar to the multi-relational learning problem. In [11], Singh
et al. propose a framework to collectively factorize the matrices, where the same
entities in different relationships share the same coordinates in latent spaces.
In [14], Xu et al. extend such collective matrix factorization models to a Gaus-
sian processes-based nonparametric Bayesian framework. In [15,18], the tensor
is composed to provide both the location recommendation and the activity rec-
ommendation simultaneously. Unlike the approaches which tackle multiple tasks
at the same time, our approach factors only one matrix, the user-shop matrix,
i.e., we only predict the links between users and shops. Another similar work
is [6] where Li et al. propose to improve One-Class Collaborative Filtering by
exploiting the rich user information. However, the difference in our approach is
that besides the user information, we also use the shop information from the
search engine, the topic model and the INITS model.

3 Overview

In this section, we present a brief introduction of our mobile application WuXi-
anGouXiang and the architecture of the proposed approach.

3.1 WuXianGouXiang

Nokia Research Center developed a mobile application called WuXianGouXiang
in April 2011, which is an O2O-based mobile application, with over 20,000 reg-
istered users as of April, 2012. The application can guide the online users to
the real shops by offering users the deals and coupons of nearby merchants. The
users can download the coupons they like and follow the shops to know their
latest deals. WuXianGouXiang has several versions including Java, Symbian and
Android, and can be downloaded from http://www.gouxiang.com.
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3.2 System Architecture

Figure 1 illustrates the framework of our proposed approach. In order to solve
the cold-start and sparsity problems, we propose to leverage heterogeneous in-
formation sources from other domains. Firstly, we extract the data of the most
frequent behaviors, including downloading coupons and clicking products, from
the user logs archived in the application server to measure the user-user similar-
ity. Secondly, we used the shop names as queries and use the aggregated search
results to compute the shop-shop similarity. Thirdly, we adopt the topic modeling
technique to mine the topics of the shops. To alleviate the data incompleteness,
we propose the INITS algorithm to estimate the topic distribution of the shops.
The proposed model incorporates the user’s intents into the HITS link analysis
algorithm, and infers the topics by analyzing the contextual information. Based
on the useful information sources, Matrix Factorization is used to decompose
them and predict the relational link between the shops and the users. All the
above steps will be introduced in the following sections.

Fig. 1. The framework of the proposed approach on relational link prediction

4 Shop Topic Modeling

When using WuXianGouXiang, the merchants can write a description for their
shops. The descriptions contain rich information about the services they provide.
The features of the shops are characterized by the words of the descriptions and
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also by the hidden topics underlying the bag of words. Thus, we adopt the Latent
Dirichlet Allocation (LDA)[3] to discover the hidden topics of the descriptions to
better model the shops, which is a probabilistic topic model that has been proven
to be useful for extracting the latent semantics of documents. Table 1 depicts
the high weighted words of some topics. Here we set the number of latent topics
k as 10 based on experiments, since some redundant and meaningless topics may
be produced given a larger k and some important topics may be neglected when
k becomes smaller.

Table 1. The examples of topic-word distribution of experimental results from shop
descriptions

Topic 1 ice cream queen dairy instant

Topic 2 italian spa luxury vip

Topic 3 mcdonald subway american hamburger

5 Intent Induced Topic Search

As discussed in Section 4, LDA can discover the topics of the shops by analyzing
their descriptions. Since the descriptions are generated by the merchants, there
exist many difficulties when analyzing the user generated contents. A major
difficulty is that we cannot judge the correctness and quality of the descriptions,
many of the merchants even refuse to write one for their shops. If the contents
are directly used for the shops’ topic inference, noises may be brought in and
the features of a shop will be characterized by the shop owner, rather than the
customers. Therefore, to circumvent this problem, we propose a novel approach,
INtent Induced Topic Search (INITS) to estimate the topic distributions of shops.

Since simply relying on the merchants’ descriptions alone will bring in un-
avoidable bias, we aim to exploit the user ratings to alleviate it. Though there are
no explicit ratings between users and shops, the user behaviors can be regarded
as implicit feedbacks. In particular, if a shop is visited by many experienced
users online, it is highly possible to be a good shop; on the other hand, if a user
visits many good shops, she is very likely to be a shopping expert, i.e., there is
a mutual enforcement relation between the users and shops. This indicates that
the Web page ranking algorithm (HITS) [4] is applicable here. To better study
the relationship between users and shops, we construct a bipartite graph, where
the users and shops are the two sets of vertices and a directed link is built if a
user visits the deals of a shop. As all the edges are pointing from the users to the
shops, every shop will get an authority score after applying the HITS algorithm.

Based on the authority scores, we can get the overall popularity of each shop.
To further discover the authority scores of each topic of a shop, we propose a
novel approach, named INtent Induced Topic Search (INITS) algorithm based
on the user contexts. The basic intuitions are as follows: When a user visits
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a shop online (e.g., downloading the coupons of a shop), she may be interested
in a hidden topic the shop bears and the timestamp when the user visits the
shop can represent the user’s intent, for instance, if a user viewed McDonalds
at 11:00 and visited KFC at 11:20, the intents of the user for viewing them are
probably the same, which most likely is the user wants to find something to eat.
If McDonalds has a latent topic which is ”fast food”, but KFC does not, then
we can possibly infer that KFC is also fast food based on the view and visit.

Theoretically, each shop has k hidden topics. The INITS model assigns the
shop’s authority score to the hidden topics based on the user’s intent. In
the HITS algorithm, a shop’s authority score is the sum of the hub scores of
all the users which have visited it. Given that a user visited a shop h times, then
we say the user contributes 1

h of its hub score to the shop for each visit. The
INITS algorithm assigns the authority score of the shop to each of the shop’s
latent topic according to the following intuitions: 1): Given a user’s log data,
when a user visits from one shop to another, if the Δtime is within a certain
threshold, we say that the intents of the user do not change, and the similar
topics of the two shops gain a larger share of the 1

h of the hub score, e.g., if a
user visits McDonalds and KFC successively, and the topic value of ”fast food”
is similar for both the shops, then the topic of ”fast food” of the KFC store will
get a higher authority score. 2): If the intents of the user change, i.e., the user
may seek for different topics, therefore, the different topics should get a larger
share. 3): The topic with a richer value should get a higher authority score, e.g.,
if a store is famous for the fast food, the user should be more interested in the
fast food of it.

We show an example of the INITS model below:

Given that a user first visits shop shopi and then visits shop shopj , the example
shows how much authority score a hidden topic p ∈ {1, . . . , k} of shop shopj
gains for this visit.

Notations :
k: The number of latent topics.
Sp: The share of the authority score that topic p gets. If the topic is to get

a larger share of the authority score, it should have a larger Sp.
Sp

∑|k|
q=1 Sq

is the

ratio of the authority score the topic gets.
cpi : The correlations between shopi and the hidden topic p. For the shops

which have no descriptions, each topic will be assigned with a default value
of 1

k .
Ti: The time when the user visits shop shopi.
Tthrd: The time threshold. If the time between the two visits exceeds the

threshold, we say the user’s intent changes.
Ti.hour: The hour of Ti, e.g., if Ti is 13:00, Ti.hour equals 13.
hub: The hub score of the user.
AuthorityGainp

j : The gain of the authority score of shopj ’s topic p.
Nj : The number of times that the user visits shopj .
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Equation 1 computes the dissimilarity of the authority score of topic p between
the two shops. For some shops which have a same value of a topic, the dissimi-
larity will be 0, which will cause the division by 0 in equation 4. Thus, μ is used
to avoid this. On the other hand, the Sp cannot be larger than 1, so the μ should
be small enough. In this paper, we fix it as 0.01 for simplicity.

Sp = |cpi − cpj |+ μ (1)

Equation 2 calculates the time interval between the two visits.

ΔT = Tj − Ti (2)

ind =

{
1, ΔT > Tthrd AND Ti.Hour �= Tj.Hour

−1, ΔT < Tthrd OR Ti.Hour = Tj.Hour

(3)

In Equation 3, the indicator ind indicates whether the user intent has changed,
that is, if the time span between two visits is within the time threshold, it is
highly probable that the user intents are similar. For some users who do not use
the application frequently, they may visit one shop and then another shop after
one or several days, though the time span exceeds the threshold, their intents
may hold. Thus, if the hour of day of the two visits are the same, we say the
intents do not change.

S
′
p = (Sp)

ind × cpj (4)

AuthorityGainp
j =

1

Nj
× hub× S

′
p∑|k|

q=1 S
′
q

(5)

Equation 5 computes the authority score that is assigned to the topic p, where

S
′
p is the ratio the topic occupies and

∑|k|
q=1 S

′
q is the sum of all the topics’ share.

Equation 4 computes the share of the topic p. ind is used for implementing the
second intuition: if the user’s intent changes, ind will make the share of the
more different topics bigger, and vice versa. cpj is used to implement Intuition
III, which makes the share of the topics with a larger value bigger.

Based on the INITS model, the correlations between the hidden topics and
the shops which have no descriptions and low-quality descriptions can also be
estimated. In addition, the topics of the shops with descriptions will also be
updated based on user’s intents. Thus, after updated by INITS, the problems of
sparsity and incompleteness are relieved.

6 Followers Discovery

In this section, we will introduce the proposed approach for predicting the fol-
lowers of shops, which leverages several auxiliary information sources to help the
prediction.
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6.1 User Information Extraction

As introduced in Section 3.1, the users can download and use the digital coupons
in offline shops, view the deals and the shops when using WuXianGouXiang. The
behaviors of the users can reflect their habits and preferences. If the users have
similar preferences, then they tend to follow similar shops. We extract several
common online actions to model the user behaviors, including downloading deals,
coupons, get the latest deals and expiring deals. The downloaded information
like the price, discount, description, the unique ID of the products, deals and
the corresponding shops, are obtained from the logs.

Since we have thousands of deals and coupons in WuXianGouXiang, the
Cartesian product of the actions and the deals is very huge, which makes the
action vectors of users sparse. Thus, we replace the deals and coupons with their
shops. Then we build a vector for each of the users as follows:

useri =< #action1(useri), . . . ,#actionn(useri) > (6)

where #actionj(useri) is the number of the actionj performed by the useri. An
action contains a behavior and the object(shop) of the behavior. The similarity
of any two users is calculated by cosine measure:

CosSim(useri,userj) =
useri · userj

||useri|| · ||userj|| (7)

6.2 Shop Information Extraction

The users will follow the shops which can meet their needs and preferences. So
the correlations between the shops are useful for predicting the missing values
based on the training data. A direct way to measure the similarity between
the shops is to use the description information. The descriptions, however, are
sparse and incomplete as discussed above. One possible solution is to exploit the
external data source. Fortunately, the information from the World Wide Web
can be used to measure the similarity, which is similar to the approach in [18].

Fig. 2. The results returned by Baidu by using MeiLianMei supermarket and WuMei
supermarket as queries
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We use the name of the shops as queries and the Chinese search engine Baidu
is adopted in this work. The results returned by the search engine are very useful
for measuring the similarity. Figure 2 on the previous page illustrates the results
when we use the names of two supermarkets as queries. As displayed in the figure,
the search results are semi-structured for similar searched entities. That is, for
similar kinds of merchants, the search engine has a semi-structured template
to display the returned items. The semi-structured results are not proper for
modeling the semantics of the shops, but are useful to compute the similarity
between shops.

We extract the words of the search results on the first page of each query. The
words are then used to describe the shops in a vector space as follows, where
#wordj(shopi) denotes the word count of #wordj that appears in (shopi)’s
search results.

shopi =< #word1(shopi), . . . ,#wordn(shopi) > (8)

To filter out the noises from the sponsored advertising, the weighting scheme TF-
IDF [2] is adopted to generate a weight for the words of each of the shops. The
weighting scheme can avoid the computation to be dominated by the common
words.

IDF (wordj ) = log
D

|d ∈ D : wordj ∈ d|
Weighti,j = #wordj(shopi)× IDF (wordj) (9)

Equation 9 calculates the weight of shopi’s wordj and we get the weight vector
of the shops.

shop
′
i =< #weight1(shopi), . . . ,#weightn(shopi) > (10)

Cosine similarity is adopted here and the similarity between two shops is calcu-
lated as follows:

CosSim(shop
′
i, shop

′
j) =

shop
′
i · shop

′
j

||shop′
i|| · ||shop

′
j ||

(11)

The shop-shop similarity and user-user similarity information are then leveraged
to help the prediction task, which will be introduced in Section 6.3.

6.3 Link Relation Prediction

In order to solve the problems of sparsity, cold-start and data incompleteness,
we propose to leverage the useful complementary information sources. As these
external sources are all heterogeneous, which cannot be exploited directly, we use
matrix factorization to borrow the knowledge by using them as the regularizer.
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Definitions:

Fm×n: The relationship matrix of the users and the shops, where each entry
represents whether the shop is followed by the user. m is the number of users
and n is the number of shops.

Um×k: The low rank factor of the users, where k is the number of hidden
topics and k < n.

Vn×k: The low rank factor of the shops.
Cm×m: The user-user similarity matrix, which is obtained from the user logs

and described in Section 6.1.
IC : The indicator matrix of Cm×m, IC,ij = 1 if Ci,j is not null.
Mn×n: The shop-shop similarity matrix, which is based on the search results

and described in Section 6.2.
IM : The indicator matrix of Mm×m, IM,ij = 1 if Ci,j is not null.
Tn×k: The shop-topic matrix based on the descriptions and the INITS model.
λ1, λ2, λ3, λ4: The first three parameters are used to control the influence of

the complementary information sources and the last controls the regularization
over the factorized matrices so as to avoid over-fitting.

The basic intuition of the proposed model is, the users with similar behaviors
tend to follow similar shops and the shops with similar topics tend to be followed
by similar users. As illustrated in Figure 1, given the relational links Fm×n, we
decompose it as a product of Um×k and Vn×k. The factorization leverages the
auxiliary data sources by sharing the user-topic matrix Um×k with the user-user
matrix Cm×m, the shop-topic matrix Vn×k with the shop-shop similarity Mn×n

and the shop-topic correlation Tn×k. Hence, the objective function is:

L(U, V ) =
1

2
||F − UV ||2F +

λ1

2
||IC ◦ (C − UUT )||2F +

λ2

2
||IM ◦ (M − V V T )||2F +

λ3

2
||V − T ||2F + (12)

λ4

2
(||U ||2F + ||V ||2F )

where || · ||F is the Frobenius norm and the operator ◦ denotes the entry-wise
product. The objective function is a non-convex optimization problem. There-
fore, we use stochastic gradient descent(SGD) to get the local optimal solution.
The gradients (denoted as �) for U and V are as follows:

�UL = (UV T − F )V + 2λ1[IC ◦ (UUT − C)]U + λ4U

�V L = (UV T − F )TU + 2λ2[IM ◦ (V V T −M)]V + (13)

λ3(V − T ) + λ4V
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7 Experiments

7.1 Dataset

We conducted experiments with the user logs of WuXianGouXiang from Septem-
ber 2011 to March 2012. We obtained a dataset from the server which contains
998 shops and 681 users.

7.2 Evaluation

In order to measure the accuracy of the prediction, we use two methods to eval-
uate the recommendation performances. The first one is Mean Absolute Error
(MAE):

MAE =

∑m
i=1

∑n
j=1 |fi,j − fp

i,j |
m× n

(14)

where m and n are the number of the users and the shops, fi,j is the ground
truth of whether user i follows shop j and fp

i,j is the predicted result. Noticeably,
for the predicted results we transform the values which are larger than one as one
and transform the values which are less than zero as zero, since the correlations
between the users and the shops cannot be negative and will be one at most.
Thus, a smaller MAE score means better prediction performance.

Another measure method we employ is the normalized discounted cumula-
tive gain(nDCG)[9]. This measure is useful for computing the quality of search
engines as it considers both the returned contents and the rank of the results.
To evaluate the quality of ranking list, we rank the shops for each of the users
based on the online visit behavior to get the ground truth. That is, given a shop
and a user, if the shop is followed by the user, the shop is relevant for the user.
The more times the user visits the shop online, the higher the shop ranks for the
user. When testing our proposed approach, we generate the recommended list
for each user based on the correlations between the user and the shops in UV T .
A higher nDCG represents a better ranking result.

7.3 Settings

In order to investigate the effectiveness of the auxiliary information sources, we
experiment on the following methods:

1)IM : The proposed integration method which is based on the INITS model.
2)WU, WS, WT : The methods that use all the information sources except

the user-user similarity(WU), the shop-shop similarity(WS) or the shop-topic
information(WT).

3)CF : The Collaborative Filtering method which only uses the training data
to predict the missing values. Low-rank matrix factorization [12] is adopted to
act as the baseline.
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To test the impact of the INITS model, we perform another experiment using
the following methods:

1)INITS : The integrating method which uses the INITS model to generate
the shop-topic information

2)HITS : The integrating method which uses the HITS model to generate the
shop-topic information, where the HITS model computes an authority score for
each of the shops. For the shops without a proper description, the authority
score is divided equally.

For each experiment, we repeat five rounds by randomly choosing different en-
tries of matrix F as the training data and the rest as the testing data. The
average value of MAE and nDCG are used to measure the performance.

7.4 Experimental Results

Figure 3 illustrates the experimental results of the different methods introduced
above based on Mean Absolute Error(MAE). It can be observed that the best
performance is achieved by our proposed approach. Thus, we can say that the
model which combines the useful auxiliary information sources performs better.
When we use the WS model which ignores the shop-shop similarity, the exper-
imental result is closest to the best performance, which means the shop-shop
similarity contributes the least to the prediction task. This may be caused by
the poor quality of the search results: 1) The search results often contain adver-
tisements of the merchants’ competitors, which may bring in some noise when
compared with other shops and 2) for the shops which are not so famous, the
search engine returns very few results. This makes the feature vector of the shop
very sparse and the shops which are not famous and are quite different will be
judged to be similar. Though some noises may be taken from the search results,
it is still proven to be helpful (about 0.04% improvement). When we use the
WU model which ignores user-user similarity and the WT model which ignores
shop-topic information, the Mean Absolute Error increases significantly. Based
on this we can say that: 1) The users who view the similar deals, download the

Fig. 3. The overall experimental results on the complementary information sources
based on Mean Absolute Error
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similar coupons, and will follow similar shops online, and 2) the shops which
own similar topics and are viewed at similar times will be followed by the sim-
ilar group of users, as the INITS model is based on the contextual information
of the users.

Table 2. The overall experimental results on the complementary information sources
based on normalized discounted cumulative gain

nDCG[5] Ratio

IM 0.6261 0.0%

WU 0.5828 7.43%

WS 0.5957 5.10%

WT 0.5607 11.66%

CF 0.5484 14.17%

Table 2 illustrates the experimental results of different methods based on
nDCG[5], i.e. we measure the system performance based on the top five recom-
mended shops. The third column denotes the improvement ratio of the proposed
method. The integrating method that uses all the information sources achieves
the best result. Similarly, the second best result is achieved when ignoring the
shop-shop similarity. An interesting difference between the experimental results
of MAE and nDCG[5] is that the shop-topic information is most important for
the ranking quality among all the auxiliary data. The result indicates that the
users will visit the shops more frequently if the topics of the shops can match
the users’ needs.

Table 3. The influence of the INITS model on different shops

no description description

HITS 0.01297 0.01336

INITS 0.01240 0.01304

Ratio 4.40% 2.40%

Table 3 shows the experimental results in terms of MAE on the shops which
have a description and the shops without a description. The first model (HITS)
is the integration model which uses the HITS algorithm to update the user-topic
information, and the second model uses the INITS algorithm. The ratio is the
improvement ratio. We can observe that on both datasets, the INITS model
outperforms the baseline. Another observation is that, the INITS model has a
higher ratio of improvement on the shops without descriptions than the shops
with a description, which proves that the INITS model is useful for inferring
the hidden topics and is effective for assigning the score to the sub-topics of an
authority. Notice that the shops without descriptions have a lower error rate on
average, for they are followed by less users and the relationships are more sparse,
which lead to less prediction errors but a low recall.



414 L. Wu et al.

Figure 4 illustrates the performances of our approach varying the parameters,
where λ1 controls the influence of user-user similarity, λ2 controls the contri-
bution of the shop-shop similarity to the objective function, λ3 controls the
information source of shop-topic, λ4 is used to avoid over-fitting. Mean Abso-
lute Error is adopted to measure the error rate. The four parameters are tested
individually. When testing one of the parameters, the other three are fixed to
be 0.1. The results show that the error rate increases when the parameters are
either too large or small.

Fig. 4. The impact on Mean Absolute Error of different parameters

8 Conclusion and Future Work

In this paper, we propose a novel approach to predict the link relations between
users and shops based on a real world application. The contributions of our
work are the following. By surveying the application and analyzing the user
logs, we put forward a new problem of discovering the potential followers of a
shop. In order to better model the characteristics of the shops, LDA is adopted
to process the descriptions offered by the merchants to recover the latent topics
underlying the texts. We propose to use several useful auxiliary data sources
to tackle the sparsity problem. A novel approach, namely INtent Induced Topic
Search (INITS) is introduced to revise the coordinates of the merchants in the
latent semantic space. In the future, we will validate our method with other
datasets to see and improve the effectiveness of our approach.
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