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Funding Goal, Project Category, Decision Tree: 67.68%
Greenberg | Reward _count, Duration, Twitter_url, Random Forest: 67.53%
et al. Has video, facebook connected, Boosted Decision Stump :
(2013) facebook friend, Content Sentiment, 65.10%
Number of sentences in project_description | Logistic Regression: 65.09%
Sawhney Unigrams, Sentiment, Part-of-Speech Naive Bayes: 656%
(2016) Tagging, Flesch-Kincaid Readability, Support Vector: 92%
LDA, Conditional Probability
Goal Amount, Credit Score, Number of Random Forest: 95%
Hui et al. different amounts to be donated, Neural Network: 94%
(2016) (Project Info, News Article)DC-LDA Support Vector: 80%
Crowd- Topic Modeling Result
funding Goal Amount, Category, Currency, MLP: 93%
Success Deadline, Launching Date, Backers, Random Forest: 92%
Vi ot al. Country AdaBoost: 92%
(2018) SVM: 927
Decision Tree: 90%
Logistic Regression: 89%
Naive Bayes: 71%
Product category, Reward, Number of C5.0: 84%
replies, Frequency of introduction K-NN: 72%
g ¢ updates, Target amount, Number of Logistic Regression: 57%
(2018) SNS followers, Image, Video, Number of Naive Bayes: 58%
founders in a project Random Forest: 88%
SVM: 87%
Goal Amount, Duration,The number of Cox: T7%
Image, Video, Comment, Project Tobit: 78%
Funding Li, et al. Description, Risks&Challenges, FAQs, BJ: 80%
amount (2016) Counting the number of words, BoostCI: 81%
Geo-location, Category, Project Creators, Logistic: 83%
Twitter bi-connected components Log_Logistic: 87%

AalA s e (parameter) S ZAsHE 2o

Naive Bayes /7] &
Mz 5P 7Hgsie g
o] obd dukxo] o] TAZ oy L

o] &-ato] F#drH Rish, 2001). ©<stAAE 3
ot S A3ty dEA B EF A4
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Support Vector Machine(SVM)2 A% 74|
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D. 4499 dolg A 49 A Folt 79
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Alo]A9l Korean Natural Language Application
(KoALA)? & AHg-ste] mAte] 24 84S skt
KoALAE 33 HlAE vlo|d] 534
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51 9tk KoALAE 2 753 744
gog "HAE

& 2
e QY oM e 2A2E RS o8 ERVF BYs
sto] W] B Agdkiien @, 45 24
& wEetuA Rl Ay s gole We
Ags 2= g @. d52dy FYodM e
BoostingZ]'i o] A&%A ¥& MLP, Support  SMOTE® H|&°]

Vector Machine, Decision Tree, Naive Bayes

dlol8 A2

HolH Al

4% 7]

[ Multi-Layer Perceptron ]

l Random Forest I

atols) siepele B33

Hyper parameter
Optimization

524 37}

Cross validation

[ Support Vector Machine

I Decision Tree l
Gradient Boost

Sentiment Analysis

/

Qg 1) A7 =Ext
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23} 2]

A=
a-
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@ I
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Model

Discussion &
Analysis
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Aol 28 dolH AEdA Fx W

Zol| A Wo] AL+ Synthetic Minority Over-
sampling Technique(SMOTE) 7%
T4 25 A3 tHChawla et al., 2002).
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who Hgo

2) KoALA, https://www.koaladtext.com
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—— Funding : :
—— Facebook 500000 H H
—— Comment : :
400000 : H
] ]
] ]
300000 H H
] ]
] ]
200000 H :
] ]
1 ]
100000 I
(38 2) =Z2HE T8 MZE X|X|MY, oI 2X
< 28%, A2 26% A=olth. gz A AR = 670, ALY Tl (Image) = 3170013, 170 o]/
74 oY= AY o A47}F 54%, Facebook 294 (Video) & Tl &= AL %f T it
AA ol 63%, HAE°] 58% TEE HS F T3 Ve BAE A4 23, Fol8(Like), 9
X 7P gl A &0 ad 2) & /A (Comment), HE SRS E(Reply_avg), 4
2). % 479 72 A2 Wg dolee] 50%  ° RolA4(Funding)el BE WAL Aoz
ol/go] AY AIF & 7Y ol FHHE AL 9 T2 B vlg] & AS g
ato] A 9] oy FH7|te = L’%ﬂﬁ’iﬂ}. o] o] THE HolHE 7| e g v 2ol doly A
e AA Hl"lﬁ o #AY AF & 79 oyl <] A& TPt WA BEY ®SF dolHQl HAY
AY o] A4 Facebook AAAMHI} HF 7Hz} 7} 28] (Category), AY A2 € (Month)& ¢
387,6024, 113 61470, 109,19971& EAof| o] 8ol 79 (One-hot-encoding) & £38 t©jn WS
sa0) 2 Ngadd. B¢, $49 dolg dolg 2
(E e 427 Wrel 1% BAYS Ui, e BT 8] BE @S 094 14l
AZF9 it Zo](C Length)v 77.5%0|x, Y& Min-Max A< g3t
o BT Y AR Sent)E 092 FYS BY AR F, o2 05 el JUUAE Aol
ot WolAL dig 94 E=(Reply avg) e 454% (E 48 58l & 4 3%, 9=F Zo](C length)=
oloitt. A A1 = 7Y o|je] gz 75 (Comment) A= 4 (C_Senti) Z ¢ ZAAAE Holx, Al
© B 84ME 28 AL (New)2 Hdt 5 &4 JF(New) ot ¢ AAAAE Bk, o=
A, #o]l25 AR MY (Facebook)2 157, #AY AFYE oA gz do|7t 71 5 F449
7o} 8 4= (Funding) = 83391 Aoz Yehyit}, # =29 7FsAdel e weolAE FAAQ o Eof
3 NS FitH o Fots(Like). & 870, B9 WE] ) i E e A 2 5 9l
214717 (Term) & 28¢, 2l91= /M4 (Reward) & o} a8a Fok8.(Like) & H29] 7l4-(Comment)



DlAIRIY JIEte] HAME T212CHY M2 0= 222 135
(E 3) 7|2 EA
Mean St.d. Min Median Max
Term 28.30 14.56 0.00 28.00 691.00
Video 1.12 1.48 0.00 1.00 15.00
Image 31.57 19.60 0.00 28.00 265.00
Amount 14.42 0.91 1.61 14.32 18.42
Reward 6.18 3.90 0.00 6.00 88.00
Like 87.92 193.07 0.00 39.00 5251.00
New 5.05 5.56 0.00 4.00 67.00
Comment 84.57 218.66 1.00 35.00 6,434.00
C length 77.50 40.36 0.00 72.19 478.00
C Senti 0.00 0.02 -0.20 0.00 00.25
Reply avg 454.06 307.02 0.07 400.26 1,439.00
Facebook 15.54 35.34 0.00 6.00 1,055.00
Funding 83.03 196.07 0.00 23.00 5,061.00
(E 4) AA| 2ot
vi | v2 | va | va | vs | ve | vri | v8 | vo | Vvio]| Vil | vi2 | Vi3
Term B
(V1)
Video ~
(V2) 0.04
Image N B
Vs, 0.11] 0.12
Amount _ _
WA 0.21] 0.13]-0.06
Reward ~ B
W) 0.02] 0.09| 0.34-0.05
Like ]
W6) 0.00] 0.17| 0.22| 0.05| 0.08
New _
) 0.09] 0.19]| 0.23] 0.09| 0.16| 0.37
Coﬁg)em 0.10] 0.18] 0.15| 0.15| 0.08| 0.73| 0.42| -
C{@gﬁth -0.11] 0.06] 0.19]-0.14| 0.09] 0.19] 0.15| 0.09| -
C(—&fg)“ 0.06 | -0.03 | -0.09| 0.03]-0.04|-0.10|-0.07|-0.05| 0.09] -
Reg’\}{ﬁvg 0.06|-0.06|-0.17| 0.01]-0.10]-0.09|-0.20 | -0.09 | -0.1 | 0.00
F?iffgfk 0.02] 0.05| 0.04| 0.03] 0.05| 0.26| 0.12] 0.25| 0.01|-0.01|-0.05| -
F&?fg)lg -0.02| 0.15| 0.17| 0.06| 0.08| 0.73] 0.35| 0.60| 0.17]-0.09|-0.08|-0.05| -
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7F 07382 =2 AABAE Hole ez I
HAk A& T3 A9

S AMEHILE 02 58 WHOR Folo'E =
P 7kl ok aela g =9 ¢ (Reward)
% A (Image)©] 4] dHAAE Hole Zo=w
Hol 9=yt B AYY Asde 74 gd=s
Arstr] g AR it B2 As 9wl
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10
offt
ey
2
:{o
12
oX
o
o
12
ol
N,
o
o,
fru
)
|
iUy

248 Pt (Desai et al., 2015;
Greenberg et al., 2013). 22 2E 3HARY
EPHSE oy, 4 Weye U2 04 1 F
whE 7R E%%ﬁ\‘ XE 9alA] Zgko] W3}
l1 o714 7E HFH o2 Event/t Lol &5,
Prob(Event)ol 43
gkt wheps] & A

“E - ;‘;L
AR (=0)2 Ui 2A2H 34 B4 & A8

of §}L Kl

oy

22 A7 (New

A Fo A

g9= M4 (Reward), HY L 7
e it A A3l

og Meyes 53X A9
(Term)Q! Aoz &2l

= HFRe Yay do

= oH

(% b) ZX|28 37 24 Z1t

o
=
NE

1jé’(Facebook)
A (Fundlng) :d"‘o Zol2 7i4(Like),

4 (Video) 2 1}

=1 O = 1
Pl

T TI'-/]

(Amount), |9 7|3t

=34 %PJUBW %

B4R Y

(Reply Avg), *}{«l = 7HT(Image)
= Aol AFl

-am ) FduolElgl B~
T:3HE2 UTH AF =2

coef Std. err z P) |zl

Intercept 14.75 0.81 18.15 0.00
Term -0.02 0.00 -5.66 0.00
Video 0.08 0.03 2.26 0.02
Image 0.00 0.00 0.08 (0.94)
Amount -1.13 0.06 -19.59 0.00
Reward 0.03 0.01 2.47 0.01
Like 0.02 0.00 11.39 0.00
New 0.39 0.02 18.76 0.00
Comment, 0.01 0.00 5.34 0.00
C_length 0.00 0.00 0.52 (0.60)
C_Senti 4.14 2.03 2.04 0.04
Reply avg 0.00 0.00 1.48 (0.14)
Facebook 0.01 0.00 2.30 0.02




HE B]&(72.82%) 2 A Z2AHE v]&(27.18%)
< Fddole ¢ H2Ed|olE | H]SstAl 4853
=3 dole+ K-8 waHEA (K-fold cross
validation) & %3 =9 %7} 2 AZ3cH Moreno-
Torres et al., 2012). Ho|E Ale]Z2E nds] &
AFgM e b-THAHA S FPsidtt. 5-F3
WAHEA S B3l 4 il el HA 9 stolH st
1:!13131_0_ Python
259 Scikit- learn(Pedregosa et
, 2011) = AH&sFlaL, Grid SearchE ©]-8-314
T Ue 247 sto|H gtejnlE & FA3)
HAE 23, Decision Tree2| 7o+ Entropy
S ARA TR AHESt B A ZlolE TE A
A4S o 7MY 2 45E B Naive Bayes
9] 7% Gaussian Naive Bayes 7|H < A3l
W e Aes Hole A At SVMA 3
2o & PenaltyZ} 0.1, A4 4= 43S o] &3
b e At. Adabooste] A
£ estimatorZ} 507] learning rate°] 0.5¢ wj
S 29t Gradient Boosting?
learning rate®] 0.5, estimator”} 647¥,

] 18, minimum samples splits®] 0.1,

=

"|E] (Hyperparameter) & 2k
o] Halzy

5 0]

o
=

_7;_7& s}

o

e
o

A}

o
735le
o] Zo
minimum samples leaf’} 0.1, max feature’}
54 o 74 =& A5S Btk Random Forest
ARA]

o)
S dee B

N
-

=0
A

(<]

o] A%ol|= estimator’} 5070, Entropy
F, Hol Zo] 302 IS o =

Ny

o] BaE JeIRCHY A2 (F 29

=20

i

137

o, npA g e 2 MLPY 4% batch A7]=
epochs® 10002 AAstm, A LﬂE%EL
Eﬂzy Ly= 21;]- ZHgzo0g :[L/HE] 1;}
(neuron)< 34, 164 o #A<l 7
Ak, 7t F9 &4 4 (Activation Function)
sigmoid& AF&3taL, FElvle]zH(Optimizer)

AdedeltE o] &3l Ao 71 & A5

tl
} oy
E |
o2

A7

o 1o o

¥ o orlr e o

=

43 2d AZ 9 45 Gt

mAled 2de] JrHHEE a7 9@ &%
g AT 25 E 2 oS h(Positive,
Negative)# AA| #(True, False)S EE e
Rolt}, £ AFoA TP(True Positive)& Aol
A3E ZRAEN AF Aolgta B 5% A
o]al, FP(False Positive) = #HAdol| 43 Z=
AES A Zlojztn E2A| dFste Aot
FN(False Negatlve) S ﬂ%‘oﬂ g TEAES

P051tlve)
2ta g o ] 724\ ]‘3}. 155333‘? O]% }04 %
e (Accuracy), AU E(Precision), AdE(Recall),
F-#k, W= (Sensitivity), 5°]
T8 & 9 H(Swets, 1988).

RUme A4 2% zold A B

% (Specificity) &

@ A%

=
RS =

(% 6) 22 Ms Hot
Accuracy (%) Precision Recall Fl-score AUC
Decision Tree 85.17% 0.93 0.87 0.9 0.84
SVM 86.02% 0.95 0.85 0.9 0.87
Naive Bayes 87.77% 0.91 0.93 0.92 0.84
Random Forest 88.34% 0.92 0.92 0.92 0.85
AdaBoost 89.57% 0.92 0.94 0.93 0.86
Gradient Boost 90.30% 0.92 0.95 0.93 0.87
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vepdth, 4o 2 Y TN + TP / TN + FP
+ FN + TPolt}. e|l2ES ERsla PJHE AA
ate Arode AEES} AdE Hert A5 AHE
ot A& TP/ TP + FN, 88%== TP/ TP +
FPZ Uehd + stk Aded dLxe] x3 3
R F-#ts o] &8l Rds Hrlsr = gt &
A, El Q1] FofelA] AT} Solwrh ApE
AT (Provost and Fawcett, 2013).
T AdE&F Zon, Sol== TN / TN + FPZ
Uebd o ot AR RIZFES} So|ert of
| A dEA B3 2z ROC Curve
(Receiver-Operating Characteristic curve)t
ROC Curve ofgfe] M2& Yehl= AUC(Area
Under Curve) = ITH.

(£ 6)& 4 Zdd g Frid=: Jg4=
(Accuracy), A% (Precision), A1&&(Recall),

F1-#k(F1-score), AUC < Yepdth. A4}
4¥% ¥ (Kuhn and Johnson, 2013) oA&
Gradient Boosting®] 7F} #& 4%(90.30%) =
Bodoh. apAt & A= A At B4Y &
EE o] oA e Bop HUER Prtete
Aol f A2 (Chawla, 2009), 43S o &
d&ste Rdg e AR YUEE VFoR 3§

W SVMe] 7 #& 4%(0.95)% HSith &,

u]@-];_

7} 0.932% SVM E}Mi AT 2 439
ra 7Zidet FHos BE ZAE A Hdsts 7]

o2 4% Navie Bayes? A-$o|%= Precision
0.91i Hl w3 =& %5 2t 9t Boosting
W ZF 3l Adaboost= 89.57%9] =< A&
S 2ol v %EM g1eE 5 skl MLP
o & AAletn ket senHE
3|l Hla]
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2 3 £9
e geainh. #4 A3, A9 A3l 3FH e
2 Foug J&E = HFe H29 g 244
A4 (C Senti), HAZF9 /B4 (Comment), A2
A4=(New), Facebook AIAIA™ (Facebook), &
9 #o] 214 (Funding), A9 £ol2 74 (Like),
A= 4 (Reward), HY QL M4 (Video) 2 3
et b, HY Ago] FHHoz Fofu|d
s = Hye 51X A959(Amount), A
717HTerm)l Aoz =T}, sjg HE4Eo
A4 G2 FE olfEe 53X A=l Y
T o Al ZRAEE ATy ogn, =
ZAHE A&7|%te] 7 Afos ZRAE AAE
Fode o dvka Azl FAAEe] 549 o
=E 7717 o9 el A< dFE 7]

BEERE 710]
et al., 2018), /‘P‘«l % (Greenberg et al.,
2013; Yuan et al., 2016) 7} & A7A=
oJstA] b Ao YEsth HF9] Zolo] A,
o zoA FAA gad AHe o2 Facebook A
2| Ay Qﬂﬂ% P35 EFE] fFofnigh FApAt
E 7 Aok FAdAe A
uA B AR A -
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B A7) e SR 9] fRd) 437
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T 5} M ES A o AR d&FS VA
& o3t}

T A, ZRAE 27] HolHE 7L dF B
g5 759 dojrd. A3 dF(Sawhney et al.,
2016 Yu et al., 2018; Yuan et al., 2016)°l
Me Aol B A dHiolHE &&3td d5

=
e FEIT. e 2 AP e ZRAE
Z710|9A dF FAE =Y F e HH 2
e 2z wyeint o Ay H1d 2719 7Y
ol AFUEIS] HiZ 45, Facebook A|A|A™ 3l
&, Ad FoA3) 50%7F dE AL Fagn
%, A9 ZRAE7} AFsta T =7F Avd A
9 AF AFE d5T 5 sdte A ASHeR
U

Decision Tree, Naive Bayes, Support Vector
Machine, Adaboost, Random Forest, Multi-
Layer Perceptrons ©]&8]4 o3t} A4}
Support Vector Machineo] A& 74 ¢S o]
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A Machine Learning Approach for the Success Prediction
of Reward Crowdfunding Project

Kook K

Dong-Ji Moon* - Sang-Hyeak Yoon** - Soobin Choi*** - Hee-Woong Kim

Abstract

Crowdfunding has been recently rising as financing channel and showed rapid growth by
integrating with social media. As of 2018, global crowdfunding market size was estimated as $
9.37 billion, and Korea crowdfunding market size was about $ 110 million. However, the
probability of crowdfunding failure showed more than 38%, which gives huge burden for
participants (i.e., makers, investors, platforms). So, to prevent the failure and protect participants
from their loss of time and money, predicting the success of the funding in the early step is
crucial. Therefore, this study aims to build a model to predict whether the crowdfunding
project will success or fail. Compare to the previous studies that they used data after the end
of crowdfunding, we collected data seven days before the project ends. We used data from
crowdfunding site ‘Wadiz, by collecting comment data and funding information as predict
variable. Then we applied machine learning methods such as Decision Tree, Support Vector
Machine, Naive Bayes, AdaBoost, Gradient Boosting, Random Forest, and MLP. As a result,
Gradient Boosting showed more than 90% accuracy, and Support Vector Machine showed the
highest precision score (0.95). Also, this study has a practical implication of predicting funding
success in the early stage of crowdfunding by developing a prediction model based on machine

learning.

Key Words: Crowdfunding, Wadiz, Predictive Modeling, Machine Learning, Sentiment
Analysis
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