ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 34,No. 3,May 2019, pp. 566—576 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2019. 03. 020 Tel/Fax: +86-025-84892742
© 2019 by Journal of Data Acquisition and Processing

BA S RMESHE IR RER S EFREMR
BIW R OB R R OB OB RaRY

(1. MR 38 KA BT RE2ABE, B9 B, 330013;2. 175 4038 REF M2 0¢, B, 330013;3. BRI K2EITHH L
Be, #I, 430072)

i c RAR B AEL A FHINRAMLE S F X, RER P8 AP0 FRERE, ST HBRY &
#da?l’%,iﬁx SR P RFEEFFEN T ERBRESE, BRARERE, ALER PR sFHATEAT
PR R AR Sk vxfr ABARA P 5REY S MG, 2540 EMmAF A & R 0K EF
A B RSMEFIN A, FHREREN AL AL, RE S ZEIAL DR AR ed A 5 AR xRS TN
o9 ¥ 7 #& 3% £ (Root mean square error, RMSE) fo -F ¥ 26 x4 3% 2 (Mean absolute error, MAE) 4~ 7 1%
11.5%~64.9% #2 18.89%5~47.7% ., RAEFHEH Efe B @ EZAMIL AL LA R KL E R, RiET 5
HEHEAR R,

KR : o FAH  RE MR TR kT R F AR

HESES: TP391 X ERAREE A

Recommendation Model of Tourist Attractions by Fusing Hierarchical Sampling and

Collaborative Filtering

Li Guangli', Zhu Tao', Yuan Tian', Hua Jin', Zhang Hongbin*"

(1. School of Information Engineering, East China Jiaotong University, Nanchang, 330013, China;2. Software School, East China
Jiaotong University, Nanchang, 330013, China;3. Computer School, Wuhan University, Wuhan, 430072, China)

Abstract: By combining the method of questionnaire survey and automatic crawling, a lot of useful tourist
information such as users’ personal information, users’ ratings of tourist attractions and other tourism data
are obtained. Based on the crawled tourism data, a hierarchical sampling method is applied in turn to
generate the “Smart Travel” dataset which contains the important demographic information. Then a user
clustering-based collaborative filtering algorithm is implemented to compute the semantic similarity
between target user and each clustering center after the users’ ratings of tourist attractions in the “Smart
Travel” dataset is preprocessed. Finally, a hybrid recommendation list is generated by absorbing the
demographic information obtained by the hierarchical sampling model. Experimental results show that
compared with the traditional method, two evaluating indicators like the root mean square error (RMSE)
and the mean absolute error (MAE) of the presented algorithm reduce 11.5%—64.9% and 18.8%—
47.7% , respectively. Meanwhile, compared with the main baselines, the recommendation precision gets a

large improvements as well as the recall rate and better recommendation results are obtained ultimately.
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Fig.1 Recommendation model of tourist attractions based on hierarchical sampling and collaborative filtering
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(Our_HS) %y tH i HETE 513 Ly, 28 BUR G HEF 51 3% X5 e 44 4 Our_Mixed.
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FE bR, 56 200 2 B 7 0 SR R T 3R 2 P A W £2 WEED SN EER
oL e A3 27, “True-positive(sp)” & /i i3 Tab.2 Classification results of each recommended item
FLII P BE0F ) B8 False-positive(p)” %R EHE — 5 praT— Fa—
1P BN B4 9 5 055 “Falsenegative(fn) " R8s gy
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Fig.3 RMSE and MAE values of different algorithms
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Z1p
Eip + Hfn
s #op Fom PR B P 8 0 1 50 SR =/p Fom B TR LT P AN 5 A 0 55 B Fn RN R
e AE ELT P 3 0 00 50 s SR BB S P TR N AN R 3 SR A, AS Y I # IBCF, UBCF, LBCF il
Our _CF (Hp[A) i 35535 ) \Our _HS (43 )2 AR B AL) (BOWI 3R 2K )2 IR K LU K Our_Mixed (TR & #EXF ) %
BT RS H R JESIA AP TSRS B A A S A
Z\)index

AP ===l 10
N o

s index Fon MERR R/ B MRME N =10, HARSIG S5 RN R 3R AR, AT e (5 B ARAR

M1 3TN N =11, UBCF 1 % S i, B 75 2 0 e U 5% 5 i, UBCF B 8RR i (H #E
TE W 2R S A, B R P T 4 0 B M ROk B = UBCE I &R B i B IS . AH R, Our_Mixed 38
Sy FH P00 5 4005 B Y N =2 i A rE e AR A, FOE# R A A 4 M . Our_Mixed 9 AP {H
BRI AT B WAL H8 AR 42 TH(9.678 — 8.461)/8.461~14.38 % , BN EIR B M4 I , Loy 5 Ly X WA 5 £ A
KA AN . 3T AP A, At A B R 9 HE 2 P B8 CHE 0 %) B JF HE 81 : Our_Mixed > Our_CF >

K3 BHZEESEB N THI Precision &

Recall = 9)

Tab.3 Precision values of different algorithms under different N’ %

N’ IBCF UBCF LBCF BREIE FEWEZ  Our.CF Our_HS  Our_Mixed
1 1.896 10.092 4.265 4.534 4.322 5.828 5.331 6.687
2 1.896 8.028 6.398 6.918 6.764 8.243 8.167 9.531
3 2.504 7.645 6.319 7.256 7.013 8.321 7.811 9.425
4 2.725 6.766 6.754 7.457 7.196 8.646 8.622 10.005
5 2.655 6.330 6.445 7.503 7.276 8.696 8.384 9.593
6 2.844 6.040 6.872 7.369 7.208 8.417 8.773 10.162
7 2.911 5.701 7.114 7.853 7.564 9.053 9.082 10.485
8 2.784 5.447 7.300 8.035 7.836 9.264 9.012 10.021
9 2.791 5.097 7.233 7.832 7.545 8.848 8.512 9.977
10 2.701 4.954 7.323 8.141 7.648 9.290 9.080 10.897
AP 2.571 6.610 6.602 7.290 7.037 8.461 8.277 9.678

®4 FSHFEEXREN TH RecallE

Tab.4 Recall values of different algorithms under different N’ %

N' IBCF UBCF LBCF BRI ZREZHK  Ow. CF Our_HS Our_Mixed
1 0.113 0.623 0.255 0.274 0.264 0.488 0.326 1.040
2 0.226 0.990 0.764 0.843 0.792 0.664 0.796 1.401
3 0.368 1.415 1.132 1.298 1.173 2.228 1.117 2.509
4 0.659 1.669 1.613 1.735 1.687 2.524 1.803 3.151
5 0.792 1.952 1.924 2.106 2.504 2.987 2.108 3.565
6 1.019 2.235 2.462 2.401 2.476 3.217 2.343 4.282
7 1.217 2.462 2.971 3.024 2.984 3.700 3.143 4.828
8 1.330 2.688 3.480 3.307 3.497 3.843 3.431 5.480
9 1.500 2.830 3.877 3.908 3.940 4.727 4.809 6.516
10 1.613 3.056 4.358 4.669 4.381 5.507 5.563 6.811
AP 0.884 1.992 2.284 2.330 2.325 2.989 2.544 3.958
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