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Abstract

Now adays, location based services (LBS) has become one of the m ost popular applications w ith the rapid
developm ent of m obile Internet environm ent. M ore and m ore research is focused on discovering the required
services am ong m assive inform ation according to the personalized behavior. In this paper, a collaborative filtering (CF)
recom m endation algorithm is presented based on the Location-aw are Hidden M arkov M odel LHM M ). This approach
includes three m ain stages. First, itclustersusers by m aking a pattern sim ilarity calculation oftheir historical check-in
data. Then, it establishes the location-aw are transfer m atrix so as to get the nextm ost likely service. Furtherm ore, it
integrates the generated LHM M , user’s score and interestm igration into the traditional CF algorithm to generate a
final recom m endation list. The LHM M -based CF algorithm m ixes the geographic factors and personalized behavior

and experim entalresults show thatithasm ore accuracy than other state-of-the-arts algorithm s..
Keyw ords: behaviorprediction;LBS;collaborative recom m endation;LHM M

1. INTRODUCTION

With the rapid development of mobile Internet and
spatial information processing technology, user's behavioral
sequences make up a tremendous location database and
attract considerable research interests.

Under the mobile Internet environment, collaborative
filtering (CF) is an effective recommendation algorithm. But

when it applies to the behavioral prediction, it has limitation.

First, user may visit a shop repeatedly, while traditional CF
algorithm, like Netflix movies rating, just recommends item
once. Second, users’ next action is greatly depends on their
former choice, which traditional CF doesn’t take continuity
into consideration. That is to say, in order to deal with
services transition, traditional CF algorithm is not as good
as Hidden Markov Model (HMM), which is frequently used
to predict the probability of services-to-service transfer.
Through mapping the geographic information and
service categories, the location-aware HMM (LHMM) will
be constructed in this paper. This model gives the occurring
probability of each service, along with the most likely
occurred area. The new proposed approach, which combines
LHMM and CF, is called CF-Behavior prediction algorithm.
It can not only reduce the dimensions of similarity
calculation, but also make a clear classification in attributes
of different services within a similar behavior user groups.
The new LHMM model both consider the location and
personalization factor. Initially, based on the idea of
ClustalW algorithm, the improved method is suitable for
handling sequences match in multiple groups. After
extracting data from users who own the similar routine
activities, a LHMM-based service to service transition
probability matrix will be generated by integrating the
location and service information into HMM  training
algorithm: weighted Baum-Welch. Finally, recommendation
list for an active user is created by CF-Behavior prediction

DOI: 10.29268/ici0t.2016.0001

algorithm. It takes user's score, check in frequency and
interest migration into account.

2. RELATED W ORK AND PROBLEM

STATEM ENT

In this section, some existing research works on HMM
prediction and on check in data mining will be reviewed as
below.

As for HMM strategies, (Blasiak, 2011) applied HMM
to the classification, which completed the sequence
classification by combining Baum-Welch, Gibbs sampling
and change function together. (Antwarg, 2012) used
multiple HMM to distinguish user from different devices,
ages and gender. Thus, it could provide a more accurate
prediction of user's next behavior. With the growing
popularity of mobile terminals, HMM also began to be
applied to the field of path analysis. (Hamada, 2013) used a
modified BP-AR-HMM algorithm to predict user's driving
behavior under multi-time series. (Wesley, 2012) converted
earth into a plurality of triangular surface, and completed
the prediction of user's next location through putting labeled
triangle into HMM learning model.

As for LBS recommendation, (Lemire, 2005) proposed a
very efficient algorithm-slope one, which made query more
efficient, matrix more scalable than before. (Yuan, 2013)
reduced the dimension of check in data by category, and
then used the point of interest (POI) to calculate of
similarity between users. (Ye, 2013) used check in data
from Gowalla, and put into MCMC model to predict user's
next behavior. The user's next possible activities can be
predicted in accordance with the transfer matrix.

There are many studies on HMM improvement and
optimization, like the reduction on high complexity and
non-personalization (Zukerman, 1999). However, under the
mobile recommendation environment, few researches
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consider a good solution on processing spatial data, as well
as gives a personalized prediction. Traditional CF algorithm
used to process single-service, the new improved framework
enables multi-service recommendation.

3. BEHAVIORAL SEQUENCE PRED ICTION

In the following sections, detailed introduction to the
framework and its related algorithm are presented
respectively.

3.1 Behavioralprediction and
recom m endation fram ew ork
As shown in Fig.l, the whole recommendation
framework is divided into three key modules: similar
behavior cluster, series forecast and CF-behavior prediction.
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(1) Behavior cluster: This module is design to group
users who enjoy similar life rhythm together. It will
generate the top-k users who have similar life pattern.

(2) Series forecast: This module trains similar user's
check in records and obtain three main parameters of
LHMM. The parameters are defined as initial
probability matrix, transition probability matrix and
emission probability matrix respectively.

(3) CF-behavior prediction: Generally, users with
similar behavior don't necessarily have similar
interests. The purpose of this module is to give a
more detailed recommendation, by combining the
users' rate, visit frequency and interest migration.

The three modules build a coherent process, where the

output of previous module will be the next module’s input.
Once check-in data have been put into behavior cluster
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Fig. 1. The BP model attempts to predict behavior and recommend services

module, it will generate the top-k users who have
similar life pattern. Then, using this users group can process
the behavior transfer matrix in series forecast module. After
calculating the max probability action user can take in the
next step, a final recommendation list will be shown, which
is generated according to users’ interest.

3.2 Behavioralsequencem odel

The core concept of our theory is to calculate the
transfer probability between two time states for different
user groups. For example, users often check in at a
restaurant between 11:00 and 13:00, while they may take
another activity between 13:00 and 17:00.

In order to reduce the sparseness, the check in data is
then to be divided into six different stages, namely {1-5, 6-
10, 11-13, 14-16, 17-19, 20-24}.

Definition 1 (Check-in): Check-in (CK) indicates that a
user U check in at shop S at a certain time 7. User rates
shop S with R, R€ {0,10,20,30,40,50}.

CK= (userld, userName, user City, time, shopld, star,
comment)

Definition 2 (Shop) : Shop S represents the place where
user participates in an activity with check-in.

Shop=(shopld,shopName,address,city,district,area,categ
ory,subcat,lat,lon)

A broad description of shop's business scope is
described as category, such as food, recreation, shopping,
etc. While a narrow description is called subcategory, for
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example, food is divided into Chinese cuisine, western,
desserts or other subcategories.

3.3 Behavioralsequence sim ilarity

calculation

Based on the two definitions mentioned above, a check
in record provides useful information at different
perspective and level. A tree shaped undirected graph is
established to describe the relationship between location
and category, which is shown in Figure 2. D represents
district of a city. S represents the service category. A
represents a popular area in a district. For example, "-,
170201, 170101, -, -, -," means a user takes part in a
recreation activity in Baoshan district at 6:00-10:00 in the
morning, and dining at 11:00-13:00 in the same district.

D1 D2

..... a

Fig. 2. A graph shows the relationsfzip among district,

Dn

service and associated area

Definition 3 (Score Function) : x and y are two check
in records. o(x, y) represents the output through function o
Each record contains three parts of information, which
represent district, service category and popular area.
Consider that changing district is more difficult than
changing service or area, so the bonus points are designed
as follow:
o+ 4 x.district= y.district
o= + 2 Xx.service = y.service

0+ 1 x.area = y.area M

o[B x #y

Definition 4 (Sequence Similarity): Given two
sequences S=S1->...->Sn, T=T1->...->Tn. Si represents the
ith check in record in sequence S. |S| denotes the length of
the sequence S. The similarity between two behavioral
sequences is calculated by Equation 2 as below:

Score=Y, o(S;, T;) where m=|S|=[T] )

Definition 5 (Behavior Similarity): User Ul has
multiple sequences. So does user U2. 4 (U1, U2) shows the
highest similarity after a one-to-one comparison between
two users.

ClustalW(Thompson, 2002) is used for carrying out
automatic multiple alignment of nucleotide or amino acid
sequences. It constructs a distance matrix to show the
relationship between two reaction sequences. Based on
ClustalW sequences match theory, the sequences similarity
one-on-one between two different groups can be calculated.
The pseudo-code of this algorithm is listed to solve multi-
groups similarity match as follow:
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Algorithm 1. ClustalW based multi group multi
sequence similarity, CB-MGMS

Input: §=S152...Sm, T=TIT2..Tn
Output: Int A(S,T) // similarity of S and T
Algorithm:
new Int[m][n] result;
for i=1 to ndo for j=1 to m do // data prepare
A[] = split(S[i]) ; B[] = split(T[j])// parsing a sequence to
several check in record
For k=1 to 6 do // Analyzing similarity at each time period
Result[il[i] = o@ [k]B k])/@ inLen §,T)%7) // obtain
check in record similarity
// and do normalization operation
For k=1 to min(n,m) d// terminate loop after a maximum
similarity value has been found
For i=1 ton do for j=1to mdo
{maxValue,maxPosl,maxPosJ} = findMaxInMatrix() 1
record the max value position
VisitedI[maxPosl] = true; VisitedJ[maxPosl] = true;
// mark the row and column where max value is as visited
SimValue += maxValue // Cumulative similarity value
simValue= simValue/min(a.length,b.length)

First of all, an m*n matrix is constructed, where m
represents the total sequences count of user S while # is the
total number of sequences of user 7. Furthermore, the
similarity for every records of user S with the records of
user 7 is calculated by applying the definition shown in
Equation 1.

The time complexity of two users' similarity calculation
is O(n). n is based on the minimum sequences count of a
user. Generally speaking, once system collects a new
sequence of a user, the algorithm needs to be run to re-
calculate the similarity to meet the new requirements for the
user.

4. BEHAVIORAL PREDICTION
4.1 LHMM (Location-aw are Hidden M arkov

M odel) generation

Through mining the location-based behavior sequences,
users who own similar life rhythm can be easily clustered
under the mobile service environment. Based on the
sequential matching degree, a top-K location-aware HMM
model (TopK-LHMM) is proposed to makes the location-
based service prediction more intelligent.

A set of hidden states S={S,,S,...Sy} represents user's
current location, along with a set of observations
0={0,,0,...0y} which represents the activities participated
by the users. Figure 3 shows an illustration of relationship
between hidden states and observations. There are three
important parameters defined as follows:

(1) The initial probability matrix
probability of each hidden state S, € S.

(2) Transition probability matrix indicates the
probability from hidden state S; to hidden state S;.

(3) Emission probability matrix indicates the probability
of observed O;€ O under a given state S..

indicates the
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01 0, Oy 01 0, Ox 01 0, Ox

Fig. 3. The relationships between hidden states and
observations of LHMM

Where O; represents a check-in record. S; denotes the
location where this activity is taken place. If a user checks
in multiple times within a day, a sequence will be built as
CK20102..OT.

In order to search a set of right LHMM parameters to
m axim ize the value of PO |, expectation-maximization
algorithm(EM) is used here. (Welch, 2003) also known as
forward-backward algorithm, is the most widely used
method for solving HMM learning. The basic idea is to use
arandom initialization A assum ing that this Ais the optimal
solution.

What’s more, in view of occurrence frequency of the
sequence, we improve the Equation 8-10 listed in paper
(Ingrid, 1999) with weight factor, so that periodic
sequences can be better handled in new model. The
improved formula is shown below:

) = L (3)
LG = OEKOE(I) «C0,) BF —mr— Fery 3)
MGy = 28 g 0D *C Oy ) Zg;;iﬁ )
NIEED XS:EOEEE:I So@myl(t) *C(Ok)

N GE@) S
TN GED (

Where C( %) represents the weight of observed
sequence T Firepresents the probability of generating
sequence Z under the state i. Bmshows the probability of
generating sequence Z during the transition from state i to
state j. The original equation multiplied by the weight
C(%k), L, M, N formula is obtained which help specify the
certain occurred frequency of sequences.

Algorithm 2 is the pseudo-code of Top K-LHMM
algorithm. Here we proposed several key steps, such as
choosing k users who are the closest to target user U and
putting their historical check in records as observation
sequences into LHMM to train. Iteration will be terminated
once reaching the error threshold, or running out the
iteration times.
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and HiddenSeq
ObservedSeq.append(checkRecordToObserveSeq(ID))
sequenceWeight.update(seqInd) // Record observations
sequence
weightHiddenSeq.append(checkRecordToHiddenSeq(ID))
Lamda = randomGenerate(pi,A,B) // randomly generated
initial parameters lamda
For I in ObservedSeq do // scoreCal(), purpose is to iteration
until satisfies the threshold
Score += prob(I,lamda) // calculate the probability of each
observation under this lamda model
While(abs(score-prevScore)>0.01)
For I in ObservedSeq do:
Caculate(d);caculate(B;  // update lamda
parameters
Caculate (Y;caculate (9;
Pi = reCaculate; A = reCaculate; B = reCaculate;
PrevScore = score;
Score = scoreCal();

Algorithm 2. TopK-LHMM

Input: User: U, Behavioral Similarity Matrix : SimBehav

Output: HMM parameters

Algorithm:

IDs = getTopSimilarUserld(U,SimBehav,K) // top k similar
users of U

for ID in IDs do // assign check in info to array ObservedSeq

The algorithm discussed above generates a LHMM
model for a similar user group. And its time complexity is
determined by the iteration times and the number of
training samples, so that it is proportional to the & taken.

4.2 Nextservice and location prediction
After the three important parameters of LHMM are
generated, it is time to predict user's future possible
behavior. Assuming that CK={0;,0,...0,} is a check-in
activity sequence, where O; represents the check in activity
at time i, corresponding to the check-in place sequence
S={S.,S,...S}. Now, in order to derive the activity O, at
time ¢+1, it can analyze the most probable hidden state S+,
at time ¢+ by applying Equation 6-7 in this paper.
p Oy, ‘01..t) = &mp (Ot+1 ‘SHI) Zs@’ S 1,5 ‘01 o (6)
ZS@ (St+1’St ‘0 L.t *-Zsj) (St+1 ‘S ) G(S ) @)

Where ¥k, |E:|) represents the occurrence
probability of observation O at time ¢#+/ under given hidden
state &k ;. Moreover, Z&z | |E) shows the state transition
probability from time ¢ to time ¢+1. $(E represents the
probability of observing O1..t at time 7 under hidden state S.

Each calculated pair <Si, Oj> forms an array of service-
location probability. By sorting this array, the most
probable activity and its corresponding location will be
easily worked out with the LHMM which user may take in
the next period.

4.3 CFBehavior prediction algorithm (LHCF)

If it is just stopped at previous module, there exists a
huge issue that the recommendation within a group has the
same result. In fact, although users share similar routine of
the day, it doesn't imply that they enjoy similar interests.
For instance, users 4 and B usually have lunch during
11:00-13:00 at District X. User A prefers restaurant a while
user B prefers b.

To solve this problem, a CF-Behavior prediction
algorithm (LHCF) based on LHMM is proposed to
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generate the final recommended service list for an active

user.

when combined with the output generated by previous
section, the large matrix can be easily divided into several

sub-matrixes at space(S;) and category(C;) level.
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Fig 4 shows an illustration of the dimension reduction
process.

SlA,C1 Sszl Sk,lCl S_i,CAn Cn
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Fig. 4. Divide dataset into subset by space and category information

According to the above dataset, user's preferences can
be described in following two aspects:
(1) User likes the shop even better when the score is
higher
(2) User likes the shop even better when the visit
time is frequent
However, users' interests vary with time. Therefore, a
time transfer function is added into final formula, so that
users can be clustered in a more proper way. Equation 8-9
are the definition of user's point of interest (POI):

7. avg(score) count(s®] e
POTE, S [H [« ===t b« oum@m tUS)  (8)
rurrenD ate—m axD ate
(I, 53 1 buc ©)

Where ¢ function is an interest migration function, the
more frequently a user visit a shop, the higher score it will
be. Convert the score into number of week can expanding
the influence of users’ current interest. Attributes a and b
are two fit parameters in order to calculate the POI in a
more flexible way. Maxscore is a constant number, which
depends on how maximum a user can score to a certain
shop. Comparing to other users in a certain service, the
average score he has rated and the total counts he has
visited help the system decide whether this user interests in
this category. For check in records without user's rate, an
average score will be assigned according to user's historical
records.

After generating multiple interest matrixes for different
activities and different regions, the cosine similarity
calculation formula is applied to calculate the similarity
between the mobile users:

Sin (0, U [B 01(U@@—P01@@(10)
(P o 1 8- FIWIER2TTIP o 1Tes ok IR

POI(U,,S,) means the points of interest of user i for
service k. resents the average points of interest
the user i for all service categories. The higher value of
Sin [, U J-, the more similar the two users are.

The pseudo-code of CF-Behavior prediction algorithm
is listed as follow:

Algorithm 3. CF-Behavior prediction

Input: User: U, prevObservList<location,activity>, HMM
parameters

Output: ProbList<location,activity>, RecommendList

Algorithm:

pastObserv = buildPastObserv(prevObservList,time) //predict
t+1 service through <O,...0>

stateList = getSortedProbHiddenState(pastObserv); //
probability calculation of next state

for statel in stateList do // For each predicted state, calculating
the probability of next observation sequence

observNext<<state,observe>,prob> =
insertAndCalculateProb(pastObserv,statel);

getTopS5Prob(observNext); / Probability values are sorted and
selected the top five combinations for <region,activity> in
<state,observe> do // Iteratively predicted next combination

for userU in users do
for CkR in userU.checkinRecords do

if userU.checkinRecord.region =
checkinRecord.categories = activity

POI[userU][userU.CkR.shop] = calculatePOI();

UserSim = calculateCosSim(POI) // Calculate the cosine
similarity

topSimUserList[] = topUserSim(userl,5) // Get nearest 5 users

RecommendList<region,activity> =
findHigherPOIShop(topSimUserList[])

// From the similar users group, find out recommendations
users might like shops

region and

Based on the service sequences which users have
participated in as historical records, a numeric probability
list is calculated, indicating the likelihood of each possible
service and its corresponding occurred places. After the
most possible service is determined, the cosine similarity
between two users is calculated based on user's historical
rating behavior, visit frequency and interest shift. Thus, the
final activity recommendation of an active user closely
meet his/her personal requirement according to the
improved CF-behavior prediction algorithm.

5. EXPERMENTALEVALUATION

In this section, the dataset used in our experiment is
introduced at first, as well as the efficiency and accuracy of
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the two proposed algorithms which have been described in
the previous sections.

5.1 Data analysis

Dianping website', a famous leading third-party website
that enables consumer to review and comment a certain
shop, has provided detail business information, consumer
reviews and other O20 trading services. Through its open
API, our dataset has nearly 6000 shops in Shanghai, along
with 600,000 check in records from 3000 distinct users
from 2010 to 2014,shown as Figure 5.
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Fig. 5. Different services check-in frequency chart

After eliminating the duplicated and abnormal records
in the dataset, the experiments are conducted among 100
selected users. The 5-fold cross-validation method is used
in this paper. For each one user, the check-ins is divided
into 5 subsets. Every time, one of the 5 subsets is used as
the test set S and the other 4 subsets are put together to
form training set Si,ining. The detail is as follow:

5.2 Behavioralprediction evaluation

The purpose of this experiment is to test prediction
accuracy on TopK-LHMM algorithm compared with other
traditional methods.

First, the check-in records are grouped by day and
labeled as 6 digits, representing district, events and area
respectively. Especially, "-" is marked if there is no data in
that period. Using the Equation 1, a sequence similarity
matrix can be obtained, as shown in Table 1. By the cross-
eliminating algorithm, it’s easy to calculate the similarity
between user A and user B, which is 2 and less than user A
and user C, since the result of their similarity calculation is
18.

Table. 1. Behavioral sequence similarity calculation

User Check-In A:-,-,100102, A:-,-,100105,-
100102,-,- ,100105,090103
B:-,-,020104,-,020204,- | 2(phase3)=2 2(phase3)-

3(phase5)=-1

B:-,-,-,020203,-,- -3(phase4)=-3 0

! http://www.dianping com

In order to test the performance of the generated
LHMM model, we take one sequence <food, entertainment,
hotels> from test set of user A for example. The <food,
entertainment> is considered as an observed sequence, and
by applying the Equation (6-7), the probability of each
service which may be occurred in the third period is
generated. According to the experiment, the probability
array of user A in the next step is [hotel = 2.43E-3, married
=1.26E-3, dining = 1.03E-3 ...], and the most probable next
action is hotel, which is the same as the user’s actual
behavior, so TRUE is marked for this case test.

To demonstrate the prediction accuracy of the algorithm,
the concept of N-hit is introduced. As the example
described earlier, the biggest probability value is the one
user participates in reality, so this scenario is defined as 1-
Hit. However, if user chooses wedding related activity, it is
defined as 2-Hit. All in all, N-hit means that the nth value in
the prediction array is match with the next step that happens
in reality. Obviously, the smaller » is, the higher accuracy
the algorithm indicates.

100.00% -

80.00% - )

60.00% - 3Hit

50.00% - .

20.00% | —— e 4Hit

30.00% x x x x \ SHit
K=0 K=5 K=10 K=15 K=20

Fig. 6. Experiment on Nearest K value

Fig 6 shows the experiment result of different nearest k&
value. The performance is very close when & is 5 or 10, but
when k is bigger than 10, the prediction of users’ next
action will drop. The reason of this performance is that the
user behavior is similar, not exactly the same. Expanding
the number of similar users will reduce the accuracy of the
model prediction, but enhance the prediction of coverage.
Weighing the pros and cons, we assign & as 10 in follow-up
experiments.

As the Figure 7 shows, the accuracy of action prediction
for first two hit is over 50%, which has better effect than
traditional HMM. If Top K feature adds into LHMM, the
new model helps improve additional 5% better accuracy on
the 1-hit to 3-hit in average.
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Fig. 7. Behavioral prediction comparison

5.3 InterestsRecom m endation Evaluation
Different from traditional collaborative filtering, LHCF

use the output <service, area, probability> from LHMM to
divide whole database into several subsets. Check-in
records in a certain subset have the same service and district,
the similarity between two users is calculated by putting
users' score, visit frequency and interest migration into an
interest function. After performing the similarity calculation,
we can find out which shop may meet the target users'
personal demands based on their historical data.

For evaluating the recommendation algorithms, we
compare ours with the following five state-of-the-arts
methods to see which one provides better recommendations.
(1) Location-based Collaborative Filtering (LCF): It

regards the check-in as item directly and predicts the

user ratings of a service with ordinary collaborative
filtering algorithm. So that we can use the similar users
to do recommendation.

(2) User interest and Proximity (UP)(Ference, 2013):
Exploring what influence being on users’ decision
under the space property, it filters out the services that
far away from user current location, because of the
restriction of human movement distance and the cost of
movement.

(3) User interest and geographical influences UG )(Ye,
2011): The user interest components are achieved
through the collaborative filtering. The geographical
influences is calculated by a pow er - law probability
model, which is used to capture user space-gather
activities.

(4) Spatio-Temporal Collaborative Filtering (STCF)
(Yuan, 2013) : It integrates time information and other
factors into the traditional collaborative filtering
algorithm. After dividing the time in hours, the STCF
model finds a & number of nearest-users that has
similar preference in period ¢ to makes a
recommendation list for the target user.

(5) Location-aware Hidden Markov Model(LHMM):
Based on the performance of service prediction in
LHMM algorithm, it plays a role that predicts which
action the target user will choose. Given current
observed state O, and the previous hidden state S, ;,
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corresponding locations S, can be calculated as
Equation 11:

Prob A et BefO ) (11)

Table. 2. Algorithms comparison

LCF | UP | UG | STCF | LHMM | LHCF
Interest N, N N N N
Space J J J J
Time J J J

As discussed above for the experiment, it is the
evaluation indicators hit@N and strategies in papers [16,
17] that we use to evaluate the effectiveness of different
recommendation algorithms.

(12)

The Sguccess Tepresents the number of success in Sy. The
Siest 1S a test case set. As for an individual test case (u, s, 1)
ES.s, the u represents user, s represents service, [/
represents location. The evaluation procedure is as follows:
(1) First, we set up test user’s current temporal and spatial
properties. For example, if a shop is accessed by a user
at a coordinate (latitude, longitude) which is (32.56,
23.46) at 12 o'clock. Then, the simulate experiment is
at coordinate(32.56+b, 23.46+b) at moment (/2+a).
The parameters a and b are random and suitable values.

(2) Then, different algorithm works out its Top-N
recommendation list.

(3) Finally, if a Top-N recommendation list includes the
testing service, it is successful and the number of
Squccess INCreases one..

The hit@N can reflects the quality of recommendation
algorithm. A higher value indicates a better performance to
the recommendation algorithm.

30% -

25% m LHCGF

20% » LHVM

15% m UP

10% m UG
5% STCF
0% m LCF

top1 top5 top10 top20

Fig. 8. Comparison experiments

Figure 8 shows the performances of the recommended
algorithm in each assumptive situation. According to the
human custom, we believe that the proper length of the list
should be controlled between 1 and 20. The detailed
analyses of the experiment results are given as following:
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(1) As for spatial attribute. Compared with LCF, UG and
UP algorithms, UG and UP performs better with
adding spatial properties. The UG focuses on mining
the user's historical location data and has advantage on
users’ regular daily activities. While the UP focuses on
the user’s current location context and benefits from
that human tend to pick up a close distance service.

(2) As for time attribute. Compared with LCF and STCF
algorithms, STCF benefit form the relative regularity
of human daily life, which leads to a narrow range of
the recommendation list. Most users choose a
restaurant at lunchtime. But time factor in STCF is
disordered, so that it can’t deal with continuous
activities, such as eating first and other activities later.

(3) As for user interest. Compared with LHMM and LHCF
algorithm, both of them use the LHMM model
proposed in this paper and preform better than other
recommendation algorithms. The difference is that
LHCF pay more attention to users’ interests. Users may
have regular life rhythm, but where the users check in
depend on varied factors.

The experiment shows that predictive accuracy of our
algorithm is greatly superior to the others in every stage of
N. The LHCF algorithm uses LHMM model to predict the
next type of service under the current time and space
conditions. For example, recommending a cinema to users
is usually an invalid recommendation at their lunch time,
What’s more, ignoring the user's current area,
recommending a distant shop to wusers is almost
unsuccessful. The both problem of time and space are
solved in our algorithm. In addition, we consider the user’s
personal interests, so the accuracy of Top-k list can be
greatly improved.

6. CONCLUSIONS

In this paper, a wuser behavior prediction and
recommendation framework for location based services is
proposed under mobile Internet environment. Based on the
users’ activity behavior sequences clustering module for
location aware mobile services, a Top K-LHMM algorithm
is proposed and implemented to do a better prediction for
different kind of services and regions under a certain user's
status. According to the outputs of predicted services and
regions, the dimension of the user's interest matrix is
greatly reduced, so that the calculation of the online
recommendation module can be more efficient to produce
satisfactory services for different users. On the other hand,
the recommendation module combines the key factors,
including the wuser's ratings, visit frequency, interest
migration, which improves the quality of personalized
service recommendation.

Under the extensive experiments designed in this paper,
the improved system gives us more accurate results.
Especially it overcomes the weakness of perception of
location and time context in traditional collaborative
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filtering algorithm and obtains a high efficiency on mobile
service prediction. The improved system has strong
scalability to adapt to different services recommendation
environment.

In the future, our research work is mainly focused on
how to extend the framework in several directions. First of
all, a more precise HMM model can be set up, which is not
only taking care of the time and spatial attributes, but also
concerning the weather, participants and other situational
factors. Then, the overall framework is still too heavy to
process in real time environment. To achieve the goal of
effectiveness and scalability, the algorithm complexity need
to be further optimized in the future. Thus, more
experiments need to be taken to verify the improved idea
under the location based services environment.
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