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Abstract Location-based service (LBS) as an information sharing platform can help people obtain
more useful information. But with the increasing number of users, LBS is faced with a serious
problem of information overload. Using the recommender system to filter information and help users
to find valuable information has become a hot research topic in recent years. In LBS, only positive
implicit feedback is available and user cold-start problem in this scenario is not well studied. Based on
the observations, we consider the characteristics of location-based services platform and propose a
recommender algorithm, which combines collaborative PMF (probabilistic matrix factorization) with
GBDT (gradient boosting decision tree), to solve the cold start problem. The algorithm first use
multi probabilistic matrix factorization to learn user latent feature in different dimension, and then use
gradient boosting decision tree to train the factor and label to learn the user’s preference, finally use
the improved top-N recommender which considers the budget problem to produce the recommendation
list. The experimental results on the real data show that the proposed algorithm can achieve better
results in accuracy and F1 than other popular methods, and can solve the cold-start problem in LBS

recommendation.

Key words recommender system; location-based service; probabilistic matrix factorization; cold-start

problem; budget
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Table 1 Comparison of Recommendation Methods
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Recommendation

Advantages
Methods vantages

Disadvantages

sparsity problem;

the recommendations are intuitive and easy to

Content-based .
. interpret;
Recommendation X Rk :
require little field knowledge

cold start problem;
hard handle Complex attributes;
require plenty of data

Collaborative
Filtering-based

Recommendation personalization and automation

and performance improves over time;

sparsity problem;

find new interest; require little field knowledge

cold start problem;
scalability problem;

rely on historical data
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Table 2 Online User Behavior

®2 RAPZEHE

Field Description
User_id unique user id
Seller_id unique online seller id
Item_id unique item id

Category_id unique category id

Online_Action_id “0” denotes “click” while “1” for “buy”

Time_Stamp date of the format “yyyymmdd”

Table 3 Users’ Shopping Records at Brick-and-Mortar Stores
®3 RAP&KTHEHESRX

Field Description
User _id unique user id
Merchant_id unique merchant id
Location_id unique location id
Time_Stamp date of the format “yyyymmdd”
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Table 4 Merchant Information

x4 ZTHRHEERL

Field Description

Merchant _id unique merchant id

Budget budget constraints imposed on the merchant

Location_id_list available location list, e. g. 1:356:89
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Fig. 1 Graphic model for SoRec
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Fig. 2 Graphic model for MPMF
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Table 5 The Results of Method
R5 FERIUBGEFIRNKE L=4.2¢=0.2)

Data Set Method Precision Recall Fl-measures

Koubei User-CF 0.1173 0.6012 0.1963
Koubei and taobao GBDT 0.2607 0.7634 0.3872
Koubei and taobao  GBDT-+PMF  0.2751 0.7497 0.4025
Koubei and taobao  GBDT+SoRec 0.2936 0.7412 0.4206
Koubei and taobao GBDT+MPMF 0.3027 0.7397 0.4296

Table 6 The Results of Diffient User Categories
x6 TAREARSEFENER

User category Method Precision Recall Fl-measures
Old User MMF+GBDT 0.7229 0.8798 0.7937
New User SoRec+GBDT 0.2793 0.7136 0.4015
Absolutely Merchant Popularity 0.1622 0.2677 0.2017

New User Based Method
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Table 7 The Influence of Budget
% 7 Budget X IEFM RN M

Budget Precision Recall Fl-measures
With budget 0.3027 0.7397 0.4296
Without budget 0.3517 0. 8506 0.4976

ARSCPE I T S A Z YRR B HERE Tk %07k
LR ZERMARAE S GBDT Bk JFaih T2
JZE B A SR — e AR AL R 25 S B )
RS BRBR 7. AR H SRR A B SR A R R



1822

HENM R S KB 2017, 54(8)

B O A O B U S W ROR. BRI
VR Je A HAR ) R A5 21 )5 o AT RRAIE 2 ) Bk
5 2] PRI RS L 9 A7l R R GBDT 2
> AR B 038 I S (A5 AR SC Y T vk B A B Y
LIE/N:3ES

AR SCHTFE ) B A 9 24 3R PR 3R AT AR o F 5T

P AERK TR RN EZHERXANEER
UNBETHAE TR BB R R K.

[1]

(2]

[3]

[4]

(6]

[7]

[8]

2 % X #

Liu Shudong, Meng Xiangwu. Approach to network services
recommendation based on mobile users’ location [ J]. Journal
of Software, 2014, 25(11): 2556-2574 (in Chinese)

B AR . dwAER. —Fh BT 88 30 P 60 8 0 I 2% IR 55 41 77
FELI] B4R . 2014(11) : 2556-2574)

Kang Zhao, Peng Chong, Cheng Qiang. Top-N
recommender system via matrix completion [C] //Proc of the
30th AAAI Conf on Artificial Intelligence ( AAAI-16).
Menlo Park, CA: AAAI, 2016. 179-185

Zhang Mi, Tang Jie, Zhang Xuchen, et al. Addressing cold
start in recommender systems: A semi-supervised co-training
algorithm [C] //Proc of the 37th Int ACM SIGIR Conf on
Research &. Development in Information Retrieval. New
York: ACM, 2014, 73-82

Vairachilai S, Kavithadevi M, Raja M. Alleviating the cold
start problem in recommender systems based on modularity
maximization community detection algorithm [J]. Circuits
and Systems, 2016, 7(8): 1268-1279

Zhou Ke, Yang Shuanghong. Zha Hongyuan. Functional
matrix factorizations for cold-start recommendation [C] //
Proc of the 34th Int ACM SIGIR Conf on Research and
Development in Information Retrieval. New York: ACM,
2011: 315-324

Yao Yichen, Li Zhongjie. Cold-start solution to location-
based entity shop recommender systems using online sales
records [C] //Proc of the 2nd Int Workshop on Social
Influence Analysis(SocInf 2016). Menlo Park, CA: AAAI,
2016: 57-67

Hu Ke, Li Xiangyang, Wu Chaotian. Cold start purchase
prediction with budgets constraints [C] //Proc of the 2nd Int
Workshop on Social Influence Analysis(SocInf 2016). Menlo
Park, CA: AAAI, 2016 68-80

Li xin, Liu Guiquan, Li Lin, et al. Circle-based and social
connection embedded recommendation in LBSN [J]. Journal
of Computer Research and Development, 2017, 54(2);: 394-
404 (in Chinese)

(ZEg, X#4, 250k, 4. LBSN [ 3 T CMmE it ax &
P AR L) TR L 5 K g . 2017, 54(2) : 394~
404)

[9]

(1o0]

[11]

(12]

[13]

[14]

[15]

[16]

(171

[18]

(191

[20]

[21]

[22]

Liu N N, Meng Xiangrui, Liu Chao, et al. Wisdom of the
better few: Cold start recommendation via representative
based rating elicitation [C] //Proc of the 5th ACM Conf on
Recommender Systems. New York: ACM, 2011. 37-44
Lika B, Kolomvatsos K. Hadjiefthymiades S. Facing the
cold start problem in recommender systems [J]. Expert
Systems with Applications, 2014, 41(4) . 2065-2073

Meng Chen, Yang Cheng, Chen Jiechao, et al. A method to
solve cold-start problem in recommendation system based on
social network sub-community and ontology decision model
[J]. Acta Neurochirurgica, 2013, 156(3): 577-580

Zhang Daqing, Zou Qin, Xiong Haoyi. CRUC: Cold-start
recommendations using collaborative filtering in Internet of
things [J]. Computer Science, 2013, 13(6); 3454-3461

Le HS. HU-FCF++. A novel hybrid method for the new
user cold-start problem in recommender systems []J].
Engineering Applications of Artificial Intelligence, 2015, 41
(3): 207-222
Wang J H, Chen Yihao. A distributed hybrid
recommendation {ramework to address the new-user cold-
start problem [C] //Proc of the 13th IEEE Int Conf on
Ubiquitous Intelligence and Computing. Piscataway, NJ:
IEEE. 2015.: 1686-1691

Singh A P, Gordon K. Relational learning via collective
matrix factorization [C] [/Proc of the 14th ACM SIGKDD Int
Conf on Knowledge Discovery and Data Mining. New York:
ACM, 2008: 650-658

Ji Ke, Shen Hong. Addressing cold-start: Scalable
recommendation with tags and keywords [J]. Knowledge-
Based Systems, 2015, 83(1): 42-50

Forsati R, Mahdavi M. Shamsfard M, et al. Matrix
factorization with explicit trust and distrust side information
for improved social recommendation [J]. ACM Trans on
Information Systems, 2014, 32(4);: No. 17

Ma Hao, Yang Haixuan, Lyu M R, et al. SoRec: Social
recommendation using probabilistic matrix factorization [C]
//Proc of the 18th ACM Conf on Information and Knowledge
Management. New York: ACM, 2008: 931-940

Xie Jianjun, Coggeshall S. Prediction of transfers to tertiary
care and hospital mortality: A gradient boosting decision tree
approach [J]. Statistical Analysis & Data Mining, 2010, 3
(4): 253-258

Wei Hao, Shi Bei, Chen Junwen. Location based services
recommendation with budget constraints [C] //Proc of the
2nd Int Workshop on Social Influence Analysis ( SocInf
2016). Menlo Park, CA: AAAI, 2016. 48-56

Breiman L. Random forest [ J]. Machine Learning, 2001, 45
(3): 5-32

Salakhutdinov R, Mnih A. Probabilistic matrix factorization
[C] //Proc of the 20th Int Conf on Neural Information
New York:

Processing Systems. Curran Associates Inc,

2007 1257-1264



1o K BILAT B R T W [ I 20 1 P v O S HE TR Bk 1823

[23] Guo Lei, Ma Jun, Chen Zhumin, et al. Incorporating item Wang Xinhua, born in 1970. Professor and
relations for social recommendation [J]. Chinese Journal of
Computers, 2014, 37(1): 219-228 (in Chinese)

CEF s D7, BRATEL, 5. —Fhal G 00 SC B R 1)
Fee kL) ], AL R, 2014, 37(1): 219-228)
[24] Zhang Weiyu, Wu Bin, Geng Yushui, et al. Joint rating and

master supervisor in Shandong Normal
University. Received his master’s degree
from Dalian University of Technology.
His main research interest include

o ) ] o distributed network and recommendation
trust prediction based on collective matrix factorization [J].

Chinese Journal of Electronics, 2016, 44(7) . 1581-1586 (in
Chinese)
Gikd £, S, BkEok, 55, 3T W R 5E P 4 13T 4 S5 A5
ERA BT, B2, 2016, 44(7) . 1581-1586)

[25] Hernando A, Bobadilla J, Ortega F, et al. A probabilistic

system.

Guo Lei, born in 1983. Received his PhD
degree in computer architecture from
Shandong University, Jinan, in 2015. His

main research interests include information
model for recommending to new cold-start non-registered

) ) retrieval, social network and recommender
users [ J]. Information Sciences, 2016, 376(1): 216-232

system.
Gao  Yukai, born in 1993. Master Chen Zhumin, born in 1977. Associate

candidate of Shandong Normal University. professor and master supervisor in

Student member of CCF. His main Shandong University. Senior member of

research interests include recommender CCF. His main research interests include

system and POI recommendation.

Web information retrieval, data mining.

(EEREZREWRIBATIE T

MRS S AR IC TS A W4 IR B R A A S B AR A L. B RE R L e T R
1) AR Al 2 AN w] BEL£4 19 52 jcf‘ﬂ:ﬂ’ﬂn,uﬁéBQXE%%W@JWIJE/PAE‘J%Uﬁ, 5 R LA R E
KM Xk 28 U 4 # e Ak 2 T NG AR R R A B AL L 7R B A 4 L T o B R ATl 2 SR BT kR P A
AT (5 B2 258 ) 3 Rz B 48 2

(fFRZEVIR)EHERERZEE  EHRKE B O FI0 T SCE AR ) 52 B 5 b R i E
B TR P I 6% A S 22 4 BF 5 400 B 5 IR R e 1o A% 6 15 I, 22 4 B Ak B0 N R R SR R 55 I A B
YA ST B i T BRSO 20 & A T

(F B 22U T 2015 4 10 AQIPILAT. BIR A 7L 201 96 51, i OF B 2 2058 ) 22 At i, [
WANAFF R AT

<<1.:.,u¢<%lﬂﬂ>>4%uﬁﬁﬁﬁu W 3 A R A U 2 R T B B R RN AT KAt 2 45 ST
BRI AR R I Aok Xl R Z R G H 16 R E

S FE ris@cel. gov. cn

HIBABER R A - S5 /E (185 0008 6481)

A2 (158 1058 2450)



