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User Interest Recognition Method Incorporating Category Labels and Topic Information

KANG Zhiyong, LI Bicheng and LIN Huang

College of Computer Science and Technology, Huagiao University, Xiamen 361021, China

Abstract The discovery of social media user interest is of great significance in information overload alleviation, personalized rec-
ommendation,and positive guidance of information dissemination. Existing research of interest recognition fails to consider the
help of topic information and corresponding category labels information for model learning text features at the same time. There-
fore,a user interest recognition method incorporating category labels and topic information is proposed. Firstly,semantic features
of text and label sequences are extracted separately by using the BERT pre-trained model, BiLSTM model,and multi-head self-at-
tention mechanism. Then,a label attention mechanism is introduced to make the model pay more attention to the words related to
the text’s corresponding category label. Secondly, text topic features are obtained by using the LDA topic model and Word2Vec
model. Subsequently,a gating mechanism is designed for feature fusion to enable the model to adaptively merge multiple features,
thereby realizing text interest classification. Finally,the number of texts published by users in each interest category is counted,
and the interest category with the highest count is determined as users’ interest recognition results. To verify the effectiveness of
the proposed method, a Weibo users’ interest recognition dataset is constructed. Experimental results show that the model
achieves optimal performance in Weibo text classification and user interest recognition tasks.

Keywords Social network.Interest recognition, Topic model,Label attention mechanism,Feature fusion
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1 BIRESM
Tabel 1 Dataset distribution
S i 2% R % B I if  HE ik B E
5 EH 7125 2201 2058
£ E 17883 6512 6093
M % 7294 2302 2469
Bt 4 6094 1966 1889
# IR 7962 2940 3869
EX S 7171 2155 2369
& 6290 1843 1957
iE 7432 2113 2811
EE 6951 1976 2429
4 7547 2281 3784
Bt 81749 26289 29728

4.2 EMIBER
4.2.1 B A S £ AR

7R 338 1 HE B R (Accuracy s Ace) A& il % (Precision, P) |
H 1 # (Recall, R) #il F1 {f (Fl-score, F1) % ¥4l f8 1 SC A 43
KRR . B BRGNP R, F1,{H s 88
Ja BOEE A BIR AN PLR M ELAE, F— 242 5 TR
YRR RE 2 LNk 2 gl

F2 H 26 Y IR R A P

Tabel 2 Confusion matrix for a particular interest category

kKA £ Ay, o K Ay,
i TP, FN,
£y FP; TN,

2 P, TP, 2R SCA IS0 AP 2 51 35y oy, R
AR FN, on B 00 v AR BINSE BI AR yi 09 HE A
G FP RN AN Ny (BT AE y, 09 A B
TN, ZRon Ak v, 2809 E B B0 i B AR A,

PR, F1,#1 Acc By SLUNF .

- TP;

PliTP,—Q—FP, an
- TP;

R57T7P,+FN; (18)
~ 2XP; XR;

FL*W (19)

§TP,—0—TN,
Acc=— — (20)
2} TP,+TN,+FN,+FP,
4.2.2 A P AR A R IR

TEXT T P R 2% 0 B 4 SUAR AT B A 28 )5 e 4%
AN DR IS T 1 SCA B 4 A K R e 2 1 R I o
S P 2SR BN AR SR )E 5N AR P LS R 2 G
HEATXF LG T SRR 3 Ace TR P B % R M F1{H, D
PEAG F P 24 U RO
4.3 E&ER

AR SCHEPE DL HE 2B B R AT X L S5

D BERT:BERT J& H Google B BA 1 Devlin 450 42 1 1
RO TN 2515 5 B0 A B T 32 F T 4 Fp NLP AT 55 3¢
B T H A sUR .

2) I T 22 B0 SCAR RRAE 2R 7 00 SO P 240 1R ) A5 A
(A #X MGTF-UIR) : MGTF-UIR ## iy Yu 207 382 iy, % 4
B GEB SOAR TR AR I SU(F B, 32 A 18 R A1 6 1] 1) A5 0 IRk AT
PR

3)LSAN:LSAN J& Xiao ST H % 3 F 14 2 S ML 1
ZhRSE A JEAE AL Z AR R il A SO A R AR S TR L
IR B 2 > SCARRRAE S 2 R 4 2o b g

4) LabelAtt: Label Att J& Xu 25120 $& i1 3 T AR 2 ik A
TE R WL SCA 43 ZEA8 R 1248 Y B A SO TR 384 A 0 A
A5 B 3 545 24T 55 T AH 56 1 SCARRAE .

Horbr, th T H E s Z B0 24 09 JF U S GloVe B,
P5 M 7E 4 A Label Ate 458§ 47 % He 52 98 i, R A BERT T
GBI GloVe 3R BUSCA R[] i F o o A6 10 25 449 L Ay 3 43
YIRZE s 1 F MGTF-UIR B8R 2 e SCAR A8 — 5
SCRY S AT 26U L Tl SR A SCAR R AT 4328 TR R
AR A FH P 28 UM R A PP A T SO 43 2R AR .
4.4 ZHBHILE

AL HSHFRREMNT .

D6 2 BEBUE 45 P 25 D60 2 I 1 SCAR K B o SO B
KK BEWE Hy 128,

2) SCAS R AR 48 8] ] 3 2k BE O 768, BILSTM #E B [ Bt i
EHYERE B 384,

3)FE E AR AEFR BT I, R F 3k F Gibbs SR AE J5 35 I 25
LDA #2731, Horb SRl & £ BUER & 200, B4 3 R0 35
BH 15, FEIIZGERRECH 10, B2 8 o« WWE N 50/k,.pB
9 0.01;RH Word2Vec By CBOW #15 J7 1 % £ 7 I % 3=
RO 1), 3 R A R 64, BT RN 10,22 K
J1X1074,

DO TERTELRAL I7 T A3 T AdamW 1AL 2% 48 AL B8, 341
XA TR 9 2 8038 B OR TR 1 2% 3J 32 5F % BERT 881 241, 2%
SIRBE K 5X10 s X S H L E IR E N 1X10 7,
BEAN R AR R LA P4 K BILSTM /) dropout % 8
0. 3, I FE 45 ¥ 5 40 2 & dropout 24 0.5,

4.5 3PEEEIE

R VEAR A STy B T P 2GR AR T 55 1A R AR S
il L A B A i SR S 4 A SR AR A AT R L ST
HC b g £ IR ST B R 2 ) 3 R ROR TP Al 2k 3 B A,
PRV R PR AG AN EE 4 T B L 2 A5 A %R 28 B Y B O
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SR LU R .

HRPE R 3 T, A SCH IRAE 10 A 2410 231 1) S SCA 4y
Ferp IS T Eefibife . HAAOCR UL, 5H0M Y BERT #EALAH
Lo i 0 Ace R FL B4R B4 T 2. 56 % Fl 2. 66 %6 , X
A 24 500 b 2 R = JLAE B 04 1 A 8 0% 48 v BRI SOA 24 2 031 4
FERR . RIS AR B3R T AR 25 T B JTHLHI Y LSAN Al La-
bel Att 5 8, A 3C )7 B2 89 Ace M F1 {2 32T T 3.60%,
3.42% 1 2.00%,1.80% . X UL B 5 RG] A K HIHR &5 B W

H2E ) A BT W IE UF S . A A BERT A5 4, La-
belAtt BB Acc Fl F1{EH 43 5142 F+ T 0. 56 %6 Fl 0. 86 %, X
U T ARZE A5 B 51 BEE 48 TG SR A3 28R . IF
H . #Hb LSAN #8732 7 % \BERT Ml Label Att 3 Ff i 7Y
FRUCAS T BT Y 52 5 45 2R X2 BT LSAN ffi | Word2Vec
Y G SCATR] ) 5t 1 At 3 7 452 289 19 08 R B0 45 4 (9 BERT
R Sfe 15 ) SCA JEUUA T AR AIF 3 32 B BERT Bl 2545
RIRE 45 B0 £ 5 R0 09 SOAR SRR 1 SCRRAE , DT 42 T A1

R AR L, [ B 2 12O A 48 R 3 1 5L R 0 ol 5 7R DA SO AR A3 YRR
F 3 T SCAR 3 2R L SR 5 R
Tabel 3 Comparative experimental results of Weibo text classification
%)
Py Ours BERT LSAN LabelAtt
eyl P R F1 P R F1 P R F1 P R F1
#HE 80. 49 86. 94 83.59 92.31 68. 24 78.47 82.66 78.24 80. 39 84.91 79.80 82.27
& E 84.87 79.55 82.12 79.31 80. 30 79. 80 78.28 77.28 77.78 76.90 81.47 79.12
W 2 92.55 87.57 89.99 90. 65 86. 80 88.68 86. 70 87.40 87.05 88.02 89.87 88. 94
it 94. 81 91. 85 93.30 84.54 93.97 90. 10 87.76 88.78 88. 26 90. 80 92.48 91.63
#% R 88.35 92.74 90. 49 87.58 88.42 88.00 85.41 87.28 86. 34 90. 45 87. 36 88. 88
Xy 92.58 92.19 92.39 91.33 90. 29 90. 81 90. 15 87.34 88.72 89. 84 92.53 91.16
1 R 81.38 81.50 81. 44 81.76 73.74 77.54 78.66 78.54 78.60 79.73 78.39 79.05
iE 3 94.85 94. 31 94.58 91.94 93.70 92. 81 93.38 91.28 92.32 93. 60 93.10 93.35
A& 89. 14 93.91 91. 46 91.25 87.61 89. 39 89.77 89.58 89. 68 90. 22 89. 67 89. 94
e 79.53 81. 84 80. 67 72.26 84.28 77.81 74.66 78.73 76. 64 79. 88 75.63 77.70
T3 87.85 88.24 88. 00 86. 49 84.73 85. 34 84.74 84.45 84.58 86. 43 86.03 86. 20
Acc 87.22 84. 66 83.62 85.22

G 4 AT A 78 P 2B PN SR TEAR b A SO0 R 1
Acc Al F1H43 MK 8 T 94. 67 % M1 95. 13% . [A i}, Brdk &
FEHI T AR A 9 A 24BN FLH A3 90% LI |,
IEAE 5 A DRI h AR T de s 0 FL(E L b i SR SE
JEH F1(EHIAE) 10090 . WEEM R A8 4 % 00, 55 HL b % M 2k
SARLE o 3 W 28 ] 7 R 3 A B i SCAR JLF 43 45 8 5 JHE X g g
Mk BB, Bl MR HEEN
50 R SCAR T A 47 KRG X BANAEMLCH LA XE R
B SCA B L BB AR T ) TR P B 26 e S BB

TEX BT L X P2 P 24U FLEIE BT 100%,
BEAE M EE i F Word2 Vec 17 % A A5 8 5 376 B SC A 5 4R
SRR ST B 5] A E8E B B MGTF-UIR #8483 77 ¥ 1)
Acc Fl F1 {23 9142 T+ T 12. 34 % 1 10. 57% , X £ B] BERT
TN 2 A BRI ) b 2 A B LA B TR R S 0
fig. ILAh, B AR LSAN I Label Att B8 T 548 375 ¥ A i 4
Acc Fl F1{A (A4S 3T 7 1 78 R B A I S AR 43 2 lUig 1
TR RE . DL ST 25 B BB L AR SO TR BE S T AU B
A2 R 45 R S R S, AT 2 90 B A 0 ) P AR

F 4 PR LS A

Tabel 4 Comparative experimental results of user interest recognition

%)
2L Ours BERT MGTF-UIR LSAN Label Att
%50 P R F1 P R F1 P R Fl1 P R F1 P R F1
#HHE  95.12  97.50  96.30 100 82.50  90.41  90.00  90.00  90.00  97.37  92.50 94,87 100 92.50  96.10
A 98.13  89.74 93,75  92.11 89.74 90.91 85.00 58.12  69.04  94.64  90.60 92.58 90.32 95.73  82.95
W 98.18  96.43  97.30  98.15  94.64  96.36 91.67 98.21 94.83 98.21 98.21 98.21 98.21 98.21  98.21
i 100 100 100 100 100 100 97.67  97.67  97.67 100 100 100 100 100 100
AR 92,59 94.94  93.75  94.74  91.14  92.90 74.39 77.22 75.78 92.31 91.14 91.72 97.18 87.34  92.00
£ 4 100 100 100 100 100 100 89.13  93.18 91.11  97.73  97.73 97.73  97.78 100 98. 88
G 87.18 97.14  91.89  93.94 88.57 91.18  62.26  94.29 75.00 94.44 97.14 95.77 91.89 97.14  94.44
EZ o 93.22  96.49  94.83  96.43  94.74  95.58  92.16  82.46  87.04  94.74  94.74  94.74  94.83  96.49  95.65
AH 0 93.65 98.33 95,93  96.61 95.00 95.80 95.00 95.00 95.00 96.72 98.33 97.52  95.08 96.67  95.87
4 88.24 86.96 87.59 75.00 95.65 84.08 63.53 78.26 70.13 85.33 92.75 88.89 89.71 88.41  89.05
P 94.63  95.75 95.13  94.70  93.20 93.72 84.08 86.44 84.56  95.15 95.31 95.20 95.50 95.25 95.32
Acc 94. 67 93. 00 82.33 94, 50 94, 67

4.6 HEAELIE B 2 A5 B R 26 R AT 55 1 A5 B 5 3) [ B B8 B 2 ARy AiE

Sy — A5 0 UE AR R 28 B AR 4 E B i A T
FH P 26838 AT 55 09V 0, 8] B 38 TE AR 3C J7 i &% S B
B A B A SC B DL LRI Rl SR 5 . 1) B B AR AR
3 3] Ours(-topic) B 8, DL G IE 5] A F 8UE B WA &
2) % bR 28 B AR 25 KR 1E 45 3 Ours(labeD) £58 #1, DL 56 F 28 51

N2 50 bR 25 R L A3 2] OursCrext) 85 &, PLS IE 7] B 5] A
F2 N2 bR AR R A R s 4 K R Rl S 7 i 1]
FEHLHI N BB . 15 3] Ours (-gate) £ 81, DL 56 9IF 5]
A TTHEALH e & 5 B AR RL 3 8 10 b 0 35 65 AE 55 5 A Y

=3

ERS
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F5 BRI SO S ST A S g 45 R
Tabel 5 Ablation experiment results of Weibo text classification
%)
Pyt Ours Ours(-topic) Ours(-labeD) Ours(text) Ours(-gate)
* 5 P R F1 P R F1 P R F1 P R F1 p R F1
b a1 80.49 86. 94 83.59 81.33 85.92 83.56 84.93 82.95 83.93 72.10 91.02 80. 46 86. 81 82.81 84.76

& E 84.87 79.55 82.12 83.24 79.14 81.13  83.36
W% 92,55 87.57  89.99 91.74 88.58  90.13  91.06
(il 94.81 91.85 93.30 83.35 96.98 89.65 90.55
R 88.35 92,74  90.49  90.21  90.26  90.23  86.00
(4 92,58 92,19  92.39  92.62 91.14 91.87 93.34
81.38 81.50 81.44 84.93 73.74 78.94 83.10
iE 5 94.85 94.31  94.58  95.34  92.39  93.84  96.47
A 89.14  93.91 91.46 95.35 87.77  91.40  90.31
#4  79.53  81.84 80.67 75.41 86.05 80.38  74.36
.35 87.19 87.11 87.35

78.61 80.92  84.77 73.82 78.92 80.65 82.58 81.61
89.51 90.28 91.81 88.13 89.94 92.01 88.58  90.26
93.86  92.18 93.66  89.20 91.38  94.01 92.17  93.08
92.53  89.14  93.00 86.56  89.67 94.31 85.22  89.53
89.87  91.57  92.95  90.21 91.56  91.67  91.98  91.82
75.63  79.19  82.54  77.57 79.98 80.62 78.85 79.72
81.28 93.80 91.68 95.30 93.46  94.89  93.77  94.33
91.72  91.01 94.25 86.33 90.12  89.68  92.30  90.97
83.22 78.54 69.89 88.08 77.94 75.57 84.51 79.79
86.92 87.06  86.67 86.62 86.34 88.02 87.28 87.59

Acc 87.22 86.41

86.15 85.26 86. 65

F o g R FW, 5 A A E X AF BB Ours
Ctext) BERUAR HE o A SC 30 Ace B F1AEZ 4R T T 1.96%
1,660, X RIS A FE{E B A 4n %5 SR ez 42 7t 1
PRI B RO . [ S 06 3% WY B 5 A 3 R I b
BAF B S50 M B 3 R AR 307k L Ho i, Ours (label) 58 78
B Ace F1 F1{H2r 5 FFET 1.07%#1 0. 94 % , Ours(-topic) #
BB TFRET 0. 81% M1 0. 89 Y6 33 13 B 7] i il A 25 50 4% 2 A
F M B BE A A AR A SCAR A o) B0 AR A5 B i
PTG R P LR BB ERE . Be AN FERRAE @A B B s R AT Rl
&7 A T TP B PHE )T » Ours (-gate) B AL Ace
MFLES B FRET 0.57% F0 0. 41% X BEWA 1T AL #4351

ATE—E TR b REAE AR B 7R Y 25 09 3 A b A 35 7 7 2
XF P GBI 55 A A5 B OF ok ik s 5 AR 55 B e
ISR EPSH

6 FTHNEE R R, 5 AR ST AR L IROTH 1T 5 HL ) B
Ours(-gate) BRI Ace Al F1 {E 539 T 0. 5% 1 0. 24 % , B
1 3 UE BB Ours (~topic) BRI 35 N RE 1. 3461 1. 14 %,
IUTH 28 AR 25 15 B A9 Ours (label) #5551 43 51 R B& 0. 34 % £
0. 14 %0 » A FH SCA 3 SUAF B A Ours(text) B Ace il F1
FRARME S>3 [ 2. 67 %6 FN 2. 09 %, LA B8 ¥ Ud B AR S5 A
B 5 AR5 B e B A B A5 B T 3 B A SCACRAE AT 2 5
FHG R RO

F 6 JHI R T Bh S50 45 R
Tabel 6 Ablation experiment results of user interest recognition

[€79)
2L Ours Ours(-topic) Ours(-label) Ours(text) Ours(-gate)
e P R F1 P R F1 P R F1 P R F1 p R F1
BE 95.12 97.50 96. 30 97.50 97.50 97.50 97.50 97.50 97.50 86.67 97.50 91.76 97. 44 95.00 96. 20
& E 98.13 89. 74 93.75 95.61 93.16 94. 37 96. 36 90. 60 93.39 96. 04 82.91 88.99 94. 83 94.02 94.42
W2 98.18 96.43 97.30 96. 36 94. 64 95.50 100 96.43 98.18 100 96.43 98.18 98.18 96.43 97. 30
i ¥ 100 100 100 100 100 100 100 100 100 100 97.67 98. 82 100 100 100
B’ % 92.59 94. 94 93.75 93. 24 87. 34 90. 20 91. 25 92.41 91. 82 94. 44 86.08 90.07 95.71 84. 81 89.93
£/ 100 100 100 100 100 100 97.73 97.73 97.73 97.78 100.00 98.88 100 100 100
i B 87.18 97. 14 91. 89 93.75 85.71 89.55 94.12 91.43 92.75 91.43 91.43 91.43 91. 89 97.14 94. 44
iE 93.22 96. 49 94.83 96. 36 92.98 94. 64 96. 36 92.98 94. 64 94. 64 92.98 93. 81 96. 36 92.98 94. 67
A 93. 65 98.33 95.93 96.61 95.00 95. 80 96. 67 96. 67 96. 67 98.25 93.33 95.73 96. 67 96. 67 96. 67
H 4 88.24 86. 96 87.59 75.00 91. 30 82.35 81.25 94. 20 87.25 72.04 97.10 82.72 79.01 92.75 85.33
3 94. 63 95.75 95.13 94. 44 93.76 93.99 95.12 94.99 94.99 93.13 93.54 93.04 95.01 94.98 94. 89
Acc 94. 67 93.33 94. 33 92.00 94.17

GWIE ARSI T R R AR R 3 B
& ¥ X W

FIGERRN Ty il a LDA 2 R A R 25 TR R N L R
EWLHI R 28 A 2 1B SCA T AR 19 3 8L B AN 28 5 A 1 B ) A
R S SCARYFAE RS B . STIR 45 R WL M HE AR 5] A 2 Bl AR
N B BT A 22— B R [ B2 bR &
A3 A B R % A T M SO 2 AR B B E N E
AT 488 15 24 BRI P B . SR L 4k 38 90 46 Hp 2R A P AL A
SR MNAT GG ZFp P RRAE  OUR P R 36 0 i SR iy
ZEME L AT HhAZ 0 P 4R . Ik, T — 0 TAEE RS

A AR S A 0GB i P A 3206 R NAT R AR IR B K
2P TP REAE o SR L2 0 P R L 3 T S B BEORS o 1

(EP= | Fi
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