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Predicting Success of Crowdfunding Campaigns using
Multimedia and Linguistic Features

Kang-hee Leei Seung-hun Lee”,

ABSTRACT

Hyun-chul Kim™"™"

Crowdfunding has seen an enormous rise, becoming a new alternative funding source for emerging
startup companies in recent years. Despite the huge success of crowdfunding, it has been reported that
only around 40% of crowdfunding campaigns successfully raise the desired goal amount. The purpose
of this study is to investigate key factors influencing successful fundraising on crowdfunding platforms.
To this end, we mainly focus on contents of project campaigns, particularly their linguistic cues as well
as multiple features extracted from project information and multimedia contents. We reveal which of
these features are useful for predicting success of crowdfunding campaigns, and then build a predictive
model based on those selected features. Our experimental results demonstrate that the built model predicts
the success or failure of a crowdfunding campaign with 86.15% accuracy.
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Pebble Time - Awesome Smartwatch, No Compromises

Color e-paper smartwartch with
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new timeline interface that
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Created by

Pebble Technology

78,471 backers pledged $20.338,986 to
help bring this project to life.

Fig. 1. A Kickstarter Project,
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Table 1, CFS results and the descriptive statistics of CFS results

Mean(SD)
Feature - p-value
success fail

Number of projects(backed by the creator) 9.37(33.48) 1.76(6.98) otk
Number of updates 12.31(12.25) 1.21(2.96) oK
Number of backer comments 124.99(696.4) 1.19(7.11) sk
Number of backers 424.26(2681.5) 15.36(45.05) ook
Number of reward backers 402.68(2421.66) 13.32(43.19) xR
Number of update images / Number of updates 0.82(1.31) 0.18(0.88) kK
(Campaign)Number of function words 5.46(2.42) 6.15(4.23) .y
/ Number of sentences

(Campaign)Number of cognitive process words 8.41(2.62) 9.14(3.4) ok
(Update)Number of first plural person words 0.017(0.015) 0.006(0.014) s
/ Number of words

(Update)Number of third person words 0.012(0.008) 0.004(0.009) s
/ Number of words

(Update)Number of location words s
/ Number of updates 0.64(1.16) 0.13(0.78) o
(Update)Number of location words 7.43(15.86) 0.45(2.53) otk
(Update)Number of person words 1.02(1.44) 0.28(1.15) otk
(Update)Number of time words 33.13(55.48) 1.67(6.35) oK
(Update)Number of insight words 1.27(0.82) 0.56(1.25) oK
(Update)Number of tentative words 1.59(1.15) 0.47(1.25) ook
(Comment)Number of email words 0.01(0.07) 0.0004(0.007) -
/ Number of comments

Significance: *#x p < 0.001, ** p<0.01, * p<0.05, If p—value is less than 0.05 then it becomes more significant

for the model, SD: standard deviation
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Group ‘ Section

Feature

Number of updates

Number of backer comments

Project Information

Number of backers

Number of reward backers

Creator Information

Number of projects(backed by the creator)

Presence of main video

Number of campaign videos

Campaign

Number of campaign images

Number of campaign audios

Number of update videos

Multimedia Information

Number of update videos / Number of updates

Number of update images

Update

Number of update images / Number of updates

Number of update audios

Number of update audios / Number of updates

Number of function words / Number of sentences

Campaign

Number of cognitive process words

Number of first plural person words
/ Number of words

Number of third person words / Number of words

Number of location words / Number of updates

Linguistics cues
Update

Number of location words

Number of person words

Number of time words

Number of insight words

Number of tentative words

Comment

Number of email words / Number of comments
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Table 3. Performance comparison of different classification algorithms

Algorithm Precision Recall Accuracy (%) AUC
LR 0.824 0.89 86.15 0.965
SVM 0.839 0.807 81.95 0.815
MLP 0.805 0.862 83.87 0.679
Table 4, Prediction accuracy by feature group
Accuracy(%)
Group
LR SMO MLP
Project Information 84.75 78.65 82.95
Multimedia Information 73.35 68.35 71.53
Creator Information 65.37 50.97 62.55
Linguistics cues 82.77 80.67 82.08
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