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Quality prediction of User—Generated Content in
open innovation community based on mixed model

YANG Wenjing, WANG Mingyan

(School of Management, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract; To solve the problem that high—quality UGC cannot give full play to its value due to the content redundancy of open
innovation community, and excavate the deep value of high—quality UGC,random oversampling, SMOTE, ADASYN are used to
solve the UGC data imbalance in this paper. Then, the classification models such as Support Vector Machine, Naive Bayes,
Decision Tree, stochastic forest, GBDT are built and a variety of mixed prediction models are generated. Further, sampling methods
based on Hard —voting, Soft-voting, Stacking and classification model combination optimization prediction method are used to
compare and select the optimal UGC quality prediction model of open innovation community. Accuracy, F1 and AUC values are
increased by 3.85%, 28.18% and 12.30% on average, respectively, with random oversampling and Stacking. This method can
accurately identify high —quality User — Generated Content in innovation communities, correspondingly help enterprises manage
communities in a multi—dimensional manner and improve innovation ability.
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Fig. 1 A combined prediction model framework for User—Generated Content quality in open innovation communities

(1) Bl de Bs A3 o A 2 iatAE

(2) W oI B s AR CRAE ) FSE AL Z A4
(VA% ) S miz A g

(3) B HE SR AE FNITAL 25 21 5 44 B 22 o Pt 0 A5
BB RAE S B RAS BR—RAE S 20024

(4) LA BAIVPAL 3 o A AL DE 415 A 07 38 H
16 TR AN A DR BT i UGC Y B pI Tl A5
L
22 HUERXR®

GO A A4 2% RO i A R AR A
SRR, R B AP A 2 (i 518 R 7 /D
BRFEA 2Tz et 88 2 2 HCHEA R,
TR DB R A, P AR H GE
BOUNZHCE W Re 1S S AR, B A I 251 ik
AR FEAC SR . HLAS 2= ] i T AR A
R R WLRAE J5 1k — M 53 R ik R A (Oversampling)
FRRHE (Undersampling ) o FEAL i K AF 2 M A %
KFEALE AL 2 A 3 [ 2 R AR S A
A BEALCRAE I AR S , N 22 B A AR AL
[/ DBERFEA B IREA . EARREDLRAE AR AT LA
FEAB V-, L[] st A3 A2 M — S At ), FE
0GR S AR AR DR AS PR T B s AR
W TR IR T A Sy P A i A TR, R

HIEBGHR > Z WA B e~ ) 238 70 S0t
FEL BRAR TR A R

X FREA G D 1 0, — R P R T 1%
YRR 3k BE AL R FE J7 5 (Random Oversampling,
ROS ) XA 7 Az B B T 5 00, SR FH — 6358 75 125 AR Al
B FE A, SMOTE # '™ ( Synthetic Minority
Oversampling Technique ) [ 4 577 15 02 M BEAS 2D 8K
A BT A BRI e B — s R A U Y DR
A, ADASYN B3k e A B RE AR S A 2 FE BEAIR
8 25 ] P A B 22 1) /D B AS T 23 A 8 B
e P 23 TR A U DB A
2.3 ErEIEN

T ARIEA YL A T DL B A A RIOR b
BRI ZFEVE AT LGRS I H 1Y 43028 2% 22 [a] 119 22 1)
R, WP Z ) B S P el i, T A B v 58 4
SERY IR RS R AR, PSR A [ 33k A A ] I 3K
SESEAT ARG U, By LA 73 2R g AN BESE 2l s, B4
WA Z I T BRI T 3 K AF 2R 1R r a8 2
R DS R UIRVAR IR P et REE 2 oyl 1 P |
AR SR L IR it MEAR A A L 20
Ho HTLLEEE W HLas 2 ) A 2
115 ( Logistic Regression, LR) FNZ DL ( Naive
Bayes, NB) . Je3E M) ( Decision Tree, DT) . i HL AR FK



182 B o /5 M5 MM

14 3%

(Random Forest, RF ), GBDT ( Gradient Boosting
Decision Tree)
24 EBHAMRL

B ILI R 2 A 7 AT Y L (Averaging) |
FEL L (Voting ) | HME & 15 (Stacking ) | 20 HE B 1k
(Blending) 55, Ho o, S0 ¥ 02 0 1A PP Ak i 110
A RIBCT A & T A R, R R R
ASVEAG A B S 2 R AT PSS T e Il
HEB Pl T — e AR I A B 2 A
T ARERIIESE . T Blending 1 LAEVE 24
YRIY Stacking, 7 5% & T 40 26 ] B, i vk BT
Voting 1 Stacking Wi 7 40 & LA b 5 oL, Xt
AT RETFRIBT IR IR AT .

(1) Voting, %21 (Voting ) 43 A i $5 25 F1 4%

SRMIRR, fEAE S (Hard Voting) AR 45 0 KUl N 2

Hny SN 45 3R . AR (Soft Voting ) K T A 5
RUFIOMAE AR by B — 28 S0l (0 AR 25 1 A (ELAE Sy s o, R
2 S5 1o X IO Y 2 1R DR i 28 () TR 45 2R

(2) Stacking, Stacking j&—1>43 )2 BRI 4L BUAE
2, R AN NGNS 2t R85 LA
3D B AR R A — 2
Yr, B HB I S IR AR = A A R AR
YIGRER | XA AR LG U B R A TR, PRt —
FREIR o T H A8 Sk Bl B — k| T o) g R Al
FHRIREA SR 7 A 5 RIS RE A . INZE AR
PR BRI 2203 0 AT PN AR R PR 00 Ot
fit, Horp WARAIE £ 22 AT LA M UGC i
N RHEERE , B a0 UGC MEE5F . NN I35
RS UGC A By (1 N 25 B AR DG A 175 A G
Ok 15 TR AY NG A
2.5 HEBELTY

Ry Y A P A R IR IR A SO I A
TEARIEAT AL PEA,  IRVBHERF LR 1,

*1 BEER
Table 1 Confusion matrix

FURIIEZE S

e | " p
UAS

iF TP TN

it FP FN

3 ZIWEER

3.1 SRIEHE
A 58 S i = 41 X (https :// cloud. tencent.
com/ developer/ask ) TEBCL B AH DK , T IIZRTT

EAFE X UGC B T A AL, B4R 6 &
TIEREHEX B R A A I =R GERE v 31 A4
FEFE AR 32 2, 1B selenium JE H 3)CEUE I =
X 2021 4E 11 H 26 H~2021 412 H 3 HNDT s
B, AKHL 5 755 S H A E B, 33 944 S PRI
VM BRAE BB EAEA, BSR4 R
(25 423,31) FUFFIEAE RS,

F2 FHAUFHRAFRERNBTREENE R
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open innovation communities
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Table 3  Prediction effect of single classification model under

different sampling methods

RAETTIE 4328488 Accuracy Precision  Recall Fl1 AUC

/ LR 0.9504 0.4852 0.3754 0.3942 0.5362
NB 0.8435 0.3990 0.4570 0.3981 0.6240

DT 09459 0.6046 06288 0.6102 0.7343

RF 09695 09444 0.5838 0.6782 0.695 4

GBDT 09691 0.8464 0.5869 0.6620 0.704 5

ROS LR 0.5709 0.5699 0.5714 0.5641 0.678 5
NB 0.5323 0.6460 0.5313 0.5031 0.6483

DT 0.9910 0.9912 09909 0.9910 0.993 2
RF 09981 09982 09981 09981 0.998 6

GBDT 0.8566 0.8570 0.8565 0.8562 0.892 4

SMOTE LR 0.546 6 0.5419 0.5463 0.5422 0.659 8
NB 0.569 0 0.671 8 0.568 0 0.5452 0.6759

DT 0.9556 0.9559 0.9555 0.9556 0.966 6

RF 09899 09899 09898 09898 0.9924

GBDT 0.8741 0.876 0 0.8742 0.8745 0.905 6

ADASYN LR 0.5189 0.5172 0.5192 0.5095 0.639 3
NB 0.5452 0.6390 0.5443 0.5159 0.658 0
DT 0.9587 0.9589 09586 0.9586 0.969 0
RF 0.9900 09900 09899 09899 0.9924

GBDT 0.8630 0.8660 0.8631 0.8638 0.897 2

SMOTE SRAEJ7 b, 2 WA AR AUC {E
Tt 23.05% , bR DU Hr BE ALY AUC fHAEF T
8.32% AR I N AUC 1HE2TH T 31.64% , BEAL
MBI AUC (B3 T T 42.71% , GBDT B AU {1y
AUCHFETH T 28.55%,

ADASYN SRAEEJT L B AR AUC {H
Tt 19.23% , FNER DU BE ALY AUC 42T T
5.45% RFERAEIL Y AUC {3 TF T 31.96% , BEHL
FRMBLHL Y AUC fHEETH T 42.71% , GBDT £ ALY
AUC HEETHT 27.35%,

FESS 2 S 25 R LA 4, (il B AL R
FERYBEHLAR AR AR ( ROS-RF) 78 5 JEIPAkH5 b
R L, JE AN R RAE ik 5 i — 2
BERUZH G () S AR TR TR LR SRA: B AT AR AR
RIS AETRRIL B 2.95% , Precision {HIE T 5.69% ,
Recall {H#EE 70.97% , F1 {HH#E5 41.93% ,AUC {E1E
1 43.60% ., MUETHFEKFE 3 FioR AR T
LR I NB # BUPAL Accuracy 18, R HRTE 50% ~




184 B o /5 M5 MM

14 3%

60% Z 6], GBDT A5 B4 Tt i fy 5 T [ 10% 2247, T
£ DT il RF B8 P2 THIR A 2% ~ 4% e di . I
AUC {EAGPNE , 2o SRAE AL BRARHE 5 F0AN [7] 73 et
BRI 5 REIB B 3% ~40% WIS TR BE . AN 18R Hl i
PRAETT i, AEBERLAR AR 23 JERE R 1 4 T33O e
W, M F1ARRRRE TEARRBE T, 2K 02K
R F1AB IR THE 40% ~68% 2 [H] , T R HI R A 7
AT LUK F1AE AR R 3 95% DAL B BRTE 30% ~60%
BN iR L SR AR TS AT R DT R
AT DX P A P 25 B A P 1687 1 T AT, SRAE AR
P A0 4 A At REAS AT S A O B X T B
DX g e P A RSP 2 B S0 1 R, DRI R 3
Th T BRI AR
*4 REHAGHEEBRTNHE

Table 4 Prediction performance of mixed combination classification

model
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