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Abstract

Educational crowdsourcing can optimize and test educational curricula to a certain extent, effec-
tively integrate social and educational resources, and alleviate financial pressure for local gov-
ernments. If crowdfunding fails, it will cause huge time costs. Therefore, it is of great significance
to predict the results of crowdfunding projects. Aiming at the problem of predicting the success or
failure of educational crowdfunding, this paper applies convolutional and neural network and BP
neural network model to predict the success or failure of educational crowdfunding under the in-
fluence of multiple factors, and uses convolutional and neural network to train pure text informa-
tion on the network; then introduces BP neural network, taking into account the influence of sev-
en factors, such as text, total price and number of teachers of previously posted projects, and ob-
tains the test accuracy of 89.3257%, and the impact of crowdsourcing forecast success or failure of
the three main factors was analyzed.

Keywords

Educational Crowdfunding, Predicting the Success or Failure, Convolutional Neural Network, BP
Neural Network

T 7R B A2 P 4 RO B0 H AX B T T

Bm¥, % 2 A2 £

Hh )N R AR U BB S AR MG B TRER2E, T Eg KM
Email: 47965213@qqg.com, luopsa@163.com

ks HiH: 201947 H24H; FHBEM: 201948 A8H; KA HM: 20194F8 A 15H

SCEG| M BEEUE, S, AR BTN K FOH AE BT, TR SRR, 2019, 9(8): 1546-1553.
DOI: 10.12677/csa.2019.98173


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2019.98173
https://doi.org/10.12677/csa.2019.98173
http://www.hanspub.org

=
%
&

H E

HERBE—ERE LU, R ERE, ARESHITIRAEE TR, AT RBRREEE,
WERARE R, R R ERHIN ]S4, BT AR IR H 45 R T BT R A EE R X [1]. A3050
HERE KBTI, KB E M MBPHE N R EZ M T 2 R R T KB F ARE BRI N
H, FIRBRMEMER AR BHTMENS; EEIIABPHENS, LZEHETIA. B U
AT E MEUR A RS- LR RN, RE789.72%KRIERE, HXTHMIARE T B K=
AN EERRHAT T 247

KR
HEAE, BB, BRHEME, BPHEMYL%

Copyright © 2019 by authors and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY).
http://creativecommons.org/licenses/by/4.0/

1. 518

AR TSR AE LR AN W68 A e N ATAE I — BB Y 2 B B A, SINR R DOk, Gl s A
IRRTEMHRL2]. 2B NBWAE T BN T 808 S0, il T 77 208 B A 7200 32 0 R A B
HIFm W SR Bt 4, DL S AR SR B I i il it . — BLIH R BRI, iR I H Kle AR
Z 5HWIN R, ERE KRG A . R, S0 2 I A A i R e A gk 22 N Ak R 3k
FRHERL 2R GRS T ARGET- 6 AL TMAE Y] 5 (1) i) fL

AL P4 26 T A AT 50 K0 2 B AE AR BRI . RFAIE R R S5 5 T, R T A R 0 45
Tl 7T LB /b [3]. Lapedees (1987) BN YR AMEE IR 2% 5T N TR LA, [ AT -4 28 0 2% (¥ F 9
B¢ BP (Back Propagation) #2545 iff 7 o 75 BP #1480 2% (1 TN BIF 78 75 THT , A6 #4075 02 52 1) U VA A2 2
R A AT Z VN R G, W5 T I AT BN A, R IR R ZE N 4] BP SERE S H BhiR
FERNE W 2845 B BUM ISR, ALAF P28 1) 254 ] LA SEVR IR 77 1A R fg o B 2 B IR B Bk — e
FERS, M PIVEREAE A TS, HESHIL TR, S Z M4 (Convolutional Neural Network, CNN)
T AR IR i LR AE TH SN 0 FIE PR A E R A I — PR FE R I 2%, SR T R s e e AU
FEEHAR, A G PR EEE B, RIS IS TS IS4, R IIZR5].

AR SRR HCE A B ISR ie] AT IR T, B AR A TR, X B ARE A
OFERL b, FIHBRIPE T BP #RE 28 5t 7 SCASRI A X 300 0B ARZE U R 5, JRea i 1
Horp g EER) 3R, PUIELFHR 38 E A B ) S -

2. BT REMEMENEE XE BTN
2.1, REMEMLEER

2.1.1. BP {HZ M 4&
RFEEIRE IR T AN THA ML, Geoffrey Hinton #8H, S ZANEESEMANTLME BAH
SRINZESIRE ST, A SRR EHR AR EE . KIRZ WA BN, 2 A1 2B UK N T A4 o
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R, URREEEE 1R, FATRA ] T —/NE IR FE 2 I 2% (Deep Neural Networks, DNN). %
RN BIME ML G, EZNSAE LR TEs, g gl aE g7 XA T — 2 [6].
wiE 1 Fias A—=JZ DNN, #EE8 3 MIZt.

Figure 1. 3-Layer depth neural network
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2.1.2. BRMEMLE

B RIPL R 28 S — R RR N T AP 045, F AT 28 ORI 35 20 M7 R0 P R 590 AT sl e o e Y 11 T L
Z—. BERTANZENMENL, FEMEZN g FIARSR, W& W2 AN E oAk, KM
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Figure 2. Structural sketch of convolutional neural network
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GIREART b —HIBR A, MRS N NER . HERB AP, SR b e
B TRARESL, S5EG AR 70 EAR, i tAH SRR — 4E5E R .
EIL M UE R =2, S HR T —4ERT (Kernel Size), &4 iEIE#(Channel). 3 ERZEE n
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Xi = f[(zM: xi“VVijkj+b}‘J (8)

Arb, x{ R KR | AERET I, M REREARHE T ES, W RRHE k- 1 ZFH k2
PR IR SO, PO (Convolution Kernel). &R AT AB A —ANU4ERERE, bS8 —4E R A8
i H PR AET AL, B8 AR M BT IR AT I, B8 = U4 R BRI K/ e by 7 fh L (Bias),
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Figure 3. The schematic diagram of crowdsourcing forecasting principle in this paper
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Table 1. Comparison of network performance under different perceptions
%= 1. TR TR RELLE
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Figure 4. Variation of parameters in training process of BP neural network
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Figure 5. Test result diagram under 200 samples
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Table 2. Detection accuracy after factor decreases
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Figure 6. Impact on project support rate of teacher_number_of previously_posted_projects
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Figure 7. The impact of total price on project support rate
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