'H‘ :ﬁ_ *!h f+ ? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 190700073

MAENTHEUES ZHETEN T NIFEFERR

kY

MNFER W F HIER
L lfie AFIHENER SN 510631

H E BEOAATREAIEFNABARTE, oM BHA Pk R RIETE2ARM TR RFH G ME, L
THREERARFET LDAWRIFIHEF 2 AR BEI - sk - REMENAES RS TEAAML A LDA BA 42
BIXARAFEIERGPEIE, AR, XFPRBET —FRESAESHMES ZH8 T+ T MM EFLE, B %, AR E3E L
BZ KT word2vee AR H A2 A P 5 M6 A S AR R UG ARIE AT oh aF ] LB AR R R R R R T R
WO RSEE R TR R H Ry A S AW E RS Ao RGO MR B S T R IR PR AN A
WikAE, ZEARBEASBMERTHRE AMBLT LEP M, LA FHRFEREFL LT AMNH, FTREREAY, Lk
HHAEEHE B PRI AANREFOAA AL ELEHETEANIHRITAR HRIT 100, FALREATHY
5% MR T IZ AR 69 A AU,

KR R s word2vec; AL s 4R B B 5 2 M

REESES TP391

Personalized Microblog Recommendation Model Integrating Content Similarity and Multi-feature
Computing
LIU Yu-dong,SUN Hao and JIANG Yun-cheng

School of Computer Science, South China Normal University, Guangzhou 510631, China

Abstract With the popularity of microblog. problems such as information overload are increasingly prominent. How to help users
find the microblog they need quickly and accurately has become an urgent problem to be solved. Although microblog recommenda-
tion based on collaborative filtering technology and LLDA can achieve certain accuracy,it can not solve the problems of genernal
classification of content and the disadvantages when LDA model is used to deal with short texts. Therefore, this paper proposes a
personalized microblog recommendation model integrating content similarity and multi-feature computing. Firstly. the content
similarity between user and microblog is calculated based on word2vec. Then,according to the characteristics such as time,num-
ber of likes,comments and reposts,the {reshness and popularity of microblog are calculated. Finally, the content similarity, fresh-
ness and popularity of microblog are comprehensively considered to calculate its ranking score,so as to realize users’ personalized
microblog recommendation. This model considers recommendation from the perspective of content similarity.avoiding the above
problems and making the recommendation results more accurate in semantics. Experimental results show that the proposed model
has good performance in accuracy,recall rate and F-measure,in particular,the accuracy has been significantly improved by about
10% sand F-Measure is increased by about 5% ,and the validity of the model is proved.

Keywords Mircroblog,word2vec, Similarity, Freshness, Popularity
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Fig. 1 Flow chart of recommended model

BT AT R AR B R

i1 RS NAEMCUE S 28R R A 1 O R

=873

Input: fFHEFE P u

Output: FEHEFEFH T u B9 topN 1 4 77 51 3

Stepl  WUARJ T u & P BT P (% SCHkL16], BL 90 RN
B A TEBRAEAT R AR S SR ARS8 u AR AE 42 (1Cw)
aCw,g(w ), LB u MR K HLAFFE B AETT R T 5 AL
P R TR« A0SR P R AL SR/ IN A TR U I AL A 78 43
JHP SRS (20 KD FEAERAVEAT T 1 5 40,

ARZ AP w 90 KD A & AT SCHRAETT I A
W% 5] Step3,

Step2  ARIBGX 5 LT P 20 KN AR B K BT S 103X 46 Bl 1l 2
AN M={m;.m, .-},

Step3 AN u BB P SBUB A L6 Step2 BB LS M BT A
TR o8 3 3 42 S — A SOAS Ty, FEEAT 4303 L 26453 L 4R 03
SSRGS E L (2N
QR R ARTUER T P AR 90 R A 2R A1 a1 il 4



KUFIR 45 B N A A DL 5 22 R AR T 0 A9 A 1 o8 o 7 A 2 99

REA M={m, ,m,, -}, IR A ORI — AR Ty
I FIT word2vee T Tar B9 SCAR i i Ty

Stepd Ml word2vec HHFFMERME m B AR IFH A m 5
T 1930 [ 5 Tg A BZ A ABLBE » AT 43 50 TP o 5 0t m
BN MRLE . $RIE I topK 4L IR T

Step5  f¥ topK BUlfe #5122 b, V145 HE ¥ 43 0 MUTT 45 B 45 4 2 0 P
u 1 topN U HERE D % .

2.2 NEHBEMUE

SN ZIUR &/ R 1 N S TN Sy R I N9 i e e N 1
RS Lk AT LU word2vee T H AT #E 47 40 B, A 1T 75 2] 3R 4E
REAS TR 1 25 E R E R i, SRR E— 20 RO SCAR 1 1)
B, R A7 AR D ARl A A R T A 38 (DR R AR I
TS AR Y [ T

S5 E BT SCAS T, W FL AT Ay 1Al S AR B )R L 18 T= {24 »
Lysoeestiseesti ) X F V1, € T2 H 45T word2vee 4 5
1530 5 5 7 ) o A DU T 159 SCAS

T=AVERAGE (1, s, s+ s15) &)}

EX 1 B m 5 n IESCZ 5 | F 500 | 45 TR
F AL PR il 1d word2vee T B AL AL #8158 B 0 45 &
A B SCAS ] 42 A B R m A, 5B SOOI e 55 B N 25 AE A
JE simCmsn) 9 4 m R 7 B9 A SZAE L B sim Gmn) =
cos(msn).,

EX 2 HFH P w 78 5T 45 78 B R] P & A B & 0 i
WESCER A L — AN SO BN T, B FAL M m f1 T,
H it word2vee T H A 4b 3 I 1 515 3 45 7€ 4k 800 SCAS ) =
Sy m R, W B e 5O T w9 P92 AR (0
sim Cuom) FFT 5 m F0 0BT, B9 A 358 B sim Cusm) =
cos(n%ﬁ%

2.3 SHEIHE
2.3.1 R pAMm A

EX 3 HF u R AEER —A =00 (a, g, H L
AR P T AL E L BUE R T ERN A AT ;€ A=
{arsaz »as »ay sas ) 3R A1, AR ST FH P 04 56 B A 00 47 0%
B MR EU FTERB.13~18 % ,19~24 % ,25~35 %,
35~50 4,50 H UL b ;0€ G={g - g} FmtEi L BUEN T L.

WF T 22 00 L RRAE A [R) AR DL P A A A7 FE AR LI P9 25
Pbs . bean, A8 ) b 5 0 FH P AT RE AT LU A AH I 1R 3B % 5 R 43
R AT RE S I A etk B SRR ME B .

EX 4 FH P AU F R B P 22 R E A LR
BE . HP w AP o BARUEH Sim (us0) R

Sim(u,v)=rl(u,v)triau,v)+r;gCu,v) (2)
Ho o o IRUE 1+ =151 Cusv) 2 P B
A7 AR RIS, WUR o Fl o B 48 03 A48 8] 0 BB R 0. 6, 40 2R I i
A R DU ERAE A 1, 48 03 R T 80 A 18] 0 B 05a Cusv) 52
FAE AR AE LR S AN SR o AN o E A R AR % B DO IRC(E S 1, A U]
HR 05 gCusv)J& FH P P AR ARURE . 2R o 0o 1 S50 A4 (5] J0) B
fHR 1, & HE N 0,

2.3.2 MRS E
EX 5 I AR e e SR — A B TR A R4

fH=0+a (3)
Horp, (O MBUETE BN 0,1],a(a>>0) AN 7.t N E
B 2R A7 B[] 5 22 57 e ] B [ e oK 4%

K ) AR R T o S — A RAL O OR fF RE AR AL 4
B i, LA B /DS DR A BT AR Ak e Sl /)N B R R SO B R
Ay P TR 0 o P B B ) 52 M 08/ 5 7B A i 3 A28 A s 3
L R AR B A K AR I TR Ko R R R L 4R
Sl Y a=0 B, £(2) =1, TR HOEAF B & A B[] 59 58 )5 58
AN AR g ROV AT I R A I T Y IR R AR —
RO

WEFE A L S0 O 6 1 (BT 2 16. 8 R, BT LA o« — MREHUE
H0.1~0. 3, RS H a=0. 2.

2.3.3 Mgk E

FHP XSSO 0 B AR AT S AL 46 0 08 L S IR B R R
FH P X 0 5 4 R R LA ok At AT T %) S P B A AT S AT
30T BN, P R T — SR, S B0A R LS AT R R
TR0 4R, T RCHE AL IR A 10 SR T P R ) B
S A5 B, DR 0 32 B DA SRR TR RN RO 3 R ERVEAT A
BT T

EX 6 HEAEE B R WA P X O 0 B AT
Ry B 3 Ak P X R T Y R PR VB X 3 AT R R
i B AR PR IT

BGn) =sum(m)=2Aa+2x, b+2A;¢ (€Y)
Hofv,a,b,c 53 R RWE m 09 SO AT IR ORI 3 R 4G A
Apods RRERE ., AL FESH OR8] WA =1,2.=2,
As =3,

EXT7 AMMEES M ={m, mys=y msey mg). &
W BOn) BEFHEFN G R m omb s oo o) o ooe s (ISR L
AR EAE AR IR 4 & TR JF HES) /S 09 T 5 AR [R] , /D
B4 BGro) =BG, B FTHER G A my" Gn) sy " Gm ), T

Qim,H=1

(B(m—,) —B(m})
BGmy)

Qim;")H)= Qm—)— s J=24,350

(5)

2.4 WiEHEFES

TEflA N 2 AL BE 5 2 R AR B (08 A 1 Aol 8 A A
F L 25 2 B ol S P AR AL BE A R e 1 SZ e
W R EHE T Ay, AT . X RRERE P o M E L
o B HEF PF 44 X (6) AT IR

Sort(m) =w, simCusm) +wy £(t) +w; Qlan) (6)
Hiww Moy ANERE 0w, Fo;=1,

3 EXBELRSW

AR S IR O R AR Y APT SRAERY 2014 4E 2 10 H
F 2014455 A 12 HWME SRS LE BB E 6 L
Z ) 84168 S MTEAE B . B A T ID BEBE AL 4
7 80 %% HY YN 4R 4 A1 20 % f iR 4E

SCE H ) word2vee T. B AU BE Al Gensim, iX J& — I IR
M2 =5 Python T.EAL., B XFHE word2vec 7E P [ £ Ff



100

Com puter Science THEHLEL2: Vol. 47,No. 10, Oct. 2020

BRIk S Fe i U 2k, IR 4R A 7 3 A AU 3 L B
RE W AT S M APTE: O,

A3 TR A SR E T T A4S JIEBAL B R — A ETF
Python I 5 KPR . 7E3E4T 315 7 A B0 58 AR A A L 46
24t ) F JTEBA 82 436 ) o BCTT DL IR 2 b 42 5 AR . JTE-
BA 32 R % v SCSCARHE AT 430 L 2 458 4] | i BT T A5 3 Ad
HRERAE.

S SR FH Y B #F 3R 5% R Core 17-8700 CPU, 8 GB DDR4
W1E,1 TB i ,128 G SSD; # {1 ¥ 85 2 Windows 10 #:4E &
% ,Mysql 5. 7 B85 . Python 3. 7, Gensim,JIEBA F & F 5 .
3.1 EMigtR

ol Pl 3 7 2R 8 — A6 1 3 28 (Precision) | A 1] %8 (Re-
call) \F {H (F-Measure) i & 4 17 45 5 00 A 3tk .

St TARFHERE P a8 B RL S #5445 1) i 1 97 36 o w0
BRI BC N RS R K Lo NP « B
BB AN 250, U] HL A 2 o 26 3 LR F A 4 0 o T

RL

P="y )
_ RL

R =705 ®
_ 2PR

F=p—% )

O b B W R W P S A i s L B A P T R
FEWE 04 P9 25 N WE R P R B B . AR SO 4
FH P B RO R by 2 5 LT R R RIEAE ) & iR R
PR,

3.2 REER

R N AL 5 22 R AR T AR 0 A Bl Tl e e A A 7
THE P AR RUE AP IT B S e Kownsw: 0 B
AT S S 8000 B K 52 e B T FE 45 R i B
3.2.1 HEIR AR B 6 S A A

KT rior Mo HFIEAUE 7+ =1,

R R AE T 530 7 A B B BSF 4% 4 A1 A 1) A 52 38 LA
AT 14 A To) SRR o5 AREAE 3 390 0 1Yy Lo A A0 A AU A e B AR
AIE B4 7 [vi) BBCAEL B 22 , 92 SRR AF 7 R AL 3 33 ) 1) B Tk A R AU M
RO B, SR P P AR AE AT 2 R R L AR
FAEA 5 Fi B . PR I A7 3 AR 3 T 1 S P 2 i R
TR R B RS A B A T R 7 AR AE A B ) 2 L A
A% A PR )RR 4 o HLBUE 15 550 22 Fh , ek B4 B AN R
K. FI& fE LS b IS T AUE L& 55 00 Cansk 1 B
P BEAT S0 . X T K P AR ARURE T 58 R T xR P Bk
BRH P SO AR L A SCBR R 2 0 A O 14 52 S 0 TE S 3
BV A 1 K, — Bt 0 0 TN AR T B 7 . AR SCS2 IR A
AR PRI 20 44 UUER A Ll AR SRS A A R A R
S AR X L U0 B P 0 R AE 43 500 B B xR R AE 1 B S
CREEAR B A 58 A4 RO T A5 ) o pl 805 7 6 9T H 452 14 1
AT B A5 B AR . GETTHIX 20 £ 07 B 80E , 4
wmiE 2 FiR. WEY AT LUE #3558 2(B) 1 =0.6,r,=0.25,
ry =0, 15) B HEFFBOR i BB MERR R R 72,35 %, H BIR Ny
77.52% FAHA 74.85% . XG5SRI A R T BT 48 A B A AR
PR P SSRGS (] R - SRR AN 4

1 PRERUE 1 E

Table 1  User feature weight setting
" T2 3
1 .60 0.30 0.10

0
e 2 0. 60 0.25 0.15
% E 3 0.50 0.30 0.20
0.50 0. 04 0.10
0. 40 0.35 0.25

#E 4

E 5

P

1

080

0.75

0.70

065
060
HwEL WE2  RE3 BE4 RES

--@--P —X-—R —&— Ffi

2 RNFEMPRIERE T P.RAF E
Fig. 2 Precision,Recall and F-Measure under different user

feature weights
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