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Abstract

Business websites typically employ recommendation systems to process large amounts of infor-
mation. The lack of behavioral data for new users leads to the system’s inability to make recommen-
dations for them, which is known as the cold-start problem. Additionally, these algorithms heavily
rely on sparse explicit feedback data, making it challenging to provide users with precise recom-
mendations, leading to the data sparsity problem. To address these issues, a recommendation
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algorithm for shopping based on explicit and implicit feedback from the user is proposed. Firstly,
the algorithm uses special filters to extract features and generate a candidate list. Secondly, the in-
teraction learning model and the multi-implicit feedback learning model are used to extract implicit
relationships from the rating data for each item in the candidate list. The multi-implicit feedback
learning model analyzes the implicit relationship from three perspectives. The three types of im-
plicit feedback are used as auxiliary data to solve the data sparsity problem. The effectiveness of
the algorithm in shopping recommendation is validated using the Tafeng dataset and the Book-
Crossing dataset.
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Figure 1. Algorithm flowchart
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Figure 2. The architecture of the content-based method
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Figure 3. The sample of the content-based method.
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Figure 4. Explicit information interaction learning model
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Book-Crossing 278,858 271,379 1,149,780 99.99%
Tafeng 32,266 23,812 817,741 85.96%
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Table 2. The MAE, RMSE results over the Book Crossing dataset
%2 2. MAE. RMSE 7t Book Crossing #iE & LR

i g . ~ AR HIE
B4R VAN BT -
UserKNN ItemKNN SVD  SVD++ MF GHRS PN = RS
MAE 0.85 1.04 0.99 0.95 0.90 0.84 0.81
All Data
RMSE 1.10 1.20 1.19 1.20 1.19 111 1.03
MAE 1.36 1.74 1.52 1.66 1.76 1.36 1.21
Cold Items
RMSE 1.91 2.21 2.16 2.2 2.21 1.89 1.70
MAE 1.45 1.45 1.33 143 1.52 1.21 1.23
Heavy Items
RMSE 1.42 1.72 1.62 1.72 1.89 1.31 1.36

R4 72 2 fge 3 SE R, FRATIITTVELE Book Crossing B 48 thuf v 8 4 i O M REAR TH B8 o B35,
X 3 BH kYA T Sh W S TR A N, OAISE AR R K 2 R R AR R E R E A
H¥YE. 5 Tafeng $dEEAM L, 1%7772:7F Book Crossing HE 4t (078 B sh ¥ i LR BLEAL . BbAk, 7EF
i 5 = 1Y) Book-Crossing Bl £E R, MEREIRTF R HE & .
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Table 3. The MAE, RMSE results over the Tafeng dataset
% 3. MAE., RMSE 7 Tafeng #(#B5%E FHI%R

" . . R S
Hm e ARIEELD :
UserKNN ItemKNN SVD  SVD++ MF GHRS AHEE
MAE 0.72 0.71 0.73 0.72 0.72 0.66 0.63
All Data
RMSE 0.93 0.91 0.90 0.89 0.87 0.86 0.82
MAE 1.73 1.63 1.65 1.59 1.58 1.60 1.42
Cold Items
RMSE 1.97 1.87 1.89 1.88 1.88 1.79 1.73
MAE 1.41 1.34 1.35 1.30 1.31 1.29 1.30
Heavy Items
RMSE 1.49 1.42 1.52 15 1.52 1.40 1.41
Table 4. The HR results over the Book Crossing and Tafeng dataset
5% 4. HR 7£ Book Crossing 1 Tafeng #iEsE _ERYLER
s b UserkKNN ItemKNN SVD SVD++ MF GHRS piN=R7 S
Book Crossing 0.051 0.048 0.0514 0.052 0.074 0.127 0.158
Tafeng 0.239 0.208 0.285 0.291 0.301 0.419 0.489

% 4 JEor T HR@10 % Book-Crossing F1 Tafeng #i# 8 FOPERETRAL 45 5 . B4R, FRATAI T IELE
B A R R IR AN

BRIk, AWM SRR, RATR B ki A RO SR Bk VR, I T S N T v
Pk, UbAh, TEMBRECE S T OO SR S TN T T, 12 R T AR AL . X SR B AR H 1 T VR R
5 5 R RAR T 2 AN B s 7 2 ) A

4.4.2. IBEERST

RS AR B2 4 5, FRATMBAL ISR T 40 ANA. Wil 5 Fias, F P RO i 7 7E [ 1 44 i B
{EY5 A 5 £ 60. T Book-Crossing H# 4 11 s P, 50 i (1 4 J R0 5 ok BE A7 (B AL M e o AR,
Tafeng 4 S IFRER PERAG, PR ARG R 48 B2 AT e A A B R I R Ao A 4E S (P it ) B T LAROR B %
KTYEAAE PGS, (A5 E R4 R S A%, R A 1) 2 (1 4 P 4 1 B 25

BookCrossing BookCrossing
14
Tafeng 14 Tafeng
w 12 1.2
< b
= =
4
1 1
0.8 08
o6 0.6
5 10 15 20 25 30 40 50 60 5 10 15 20 25 30 40 50 60

Dimension Dimension

Figure 5. MAE and RMSE results under different numbers of hidden layers
5. EAREIRREZH T B MAE 1 RMSE £
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BT %

443 BRXRIRAIER TR

S B TEM E B R UM ATEMEE S AR P I E . SEIeH, RRIRHERR — R AU B, HANAE 5
HAPIRP RN EUIGRARR . Seae gt RNk 5 fown, HASES{(H P AEIME, Yamiraids, HPS
€)=(0,1,1),(1,0,1),(1,10), (1, 1,1), 0,0, )} TRk ffax . [TEEENE, HN1FR
i Z BRI, (R 0 RoRAME . 1A (L, 1, )RR e BEMABERIAESS, 1 ) (0, 0, 0) R /R e A ANl
ISR Wrd

SEEGEE BB, AR E AT =B =S iy R I A . P B B AN [\ S 15t 150 LIV MAE A
RMSE 45 B4 LR FHES: (1,1,1)<(0,1,1)<(1,0,1)<(1,1,0)<(0,0,0)(1,1,1)<(0,1,1) < (1,0,1) <
(1,1,0)<(0,0,0).

A FH PRI B SRR T, AR A BT R B . AN P R TS AR A RR U R, MAE Al
RMSE {8479 0.68 F1 0.86, WA ' IETHIASFE & =Fha U A5 o6 P 14 2 e KR 36 AT,
AR AR U R T IEAR LG, 8 FRAT ] —Fh e R AT A B e e M . SRIOIE SR, TR AR
FIAFS R A R H AR sAh, 08 F ™ IE TS B BE % Y R i e O HE R AE R E

Table 5. Effects of different combinations of implicit feedbacks
= 5. FEEERNRIREER NS

Dataset Implicit Feedback MAE RMSE
L1 0.81 1.03
0,1, 1) 0.82 1.04
Book Crossing (1,0,1) 0.82 1.05
(1,1,0) 0.83 1.11
(0,0,0) 0.88 1.18
L1 0.63 0.82
0,1,1) 0.65 0.83
Tafeng (1,0,1) 0.66 0.84
110 0.68 0.86
(0,0, 0) 0.71 0.89

4.4.4. RS

N B IE A 3 1) 2 A 22 B R At SRR OGBS R M BE IR PR TR, FRATTATEE 7 LA R =Ry ik Bk
i 3% 51| 2% (R4 7 v (Without candidate list, WCL): ANAE R FIZR, B30 F o2 BB SR b AT 402 . B3
ok %2 B X R iR 2 ST R IR 4 7 725 (Without implicit feedback, WIF): ANl ] 22 a2 i i 2 SRR, AU AR i
BARBHATHESRE . SRR 75 A BRI 53R AR AN 2 [ 2R 15 2 ST RS HRL ) S AR AL

W 6 AL 7 7%, WCL FIARBIEMSLIn 45 BRI, ML T AR MHERF TR BURE SR G, 5
H47E Book Crossing i 4E L 1¥] MAE 1B 7 A4 1 0.04. 0.2 f110.01, RMSE {&4> A%k 7 0.07. 0.22 Fl
0.02. th4h, BAYLE TaFeng £idi 4 1 MAE {873 I F#1IX 7 0.04.0.15 11 0.02, RMSE {8 73 7l P& 1 0.02,
0.09 #1 0.02. [Hitt, FEfHEET NAEMINEEMMRIESIR G, BAES B3P ERrERe &Rt
RERE A R VA 3 3l
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Table 6. Effects of different functions
3= 6. P EMERIRERIF20E

y . ~ WARA
HoR 4 W R R ‘
WCL WIF PN RS
MAE 0.85 0.88 0.81
All Data
RMSE 1.10 1.18 1.03
MAE 141 1.34 1.21
Cold Items
RMSE 1.92 1.81 1.70
MAE 1.24 1.31 1.23
Heavy Items
RMSE 1.38 1.45 1.36
Table 7. Effects of different functions
= 7. PREMERITIRE RS20
" . . T i
EAE/TE S GRIEE D -
WCL WIF KBS
MAE 0.67 0.71 0.63
All Data
RMSE 0.84 0.89 0.82
MAE 1.57 1.58 1.42
Cold Items
RMSE 1.82 1.89 1.73
MAE 1.32 1.36 1.30
Heavy Items
RMSE 143 1.52 1.41

5. &

AHFFR L T — MO R TR SR R G, 2 RGBS B 2 M A e U . Pk
HTE G = AR AT RAESR B 7 - DA S B P SR BT 2 A s 5t X
SESRHL AR AL BE JE O P SR O AMPEACHERE . g AR R - - AR D A5 A P AN i £ S
SRICHE TR IURFAE,  ZE IR HERE IR . B, (A LA SRR 22 B s e ST A L M 2P
A PR IE AN B UR R e IR AR B AR AR, — D ) TR e 4, e 28 A il & IHERE WD 5

FEAL S S dh(E BT 515 S M S gk Lt AT i Sein g /R W], Bl AR R A 1k g _E AT AT
TR, IFEIH RIFH ATy etk . fEJ SERImt e, ARSI NTER AL, DA 280 2R 7 A il
RIS, T — AR AR R PR P RE
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