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Abstract: - In 2015, Taiwan introduced an exchange platform for equity crowdfunding called the Go Incubation
Board for Startup and Acceleration (GISA) which is supervised by the OTC Taipei Exchange organization. Equity
crowdfunding provides another channel for startups to access capital and allows for a new mechanism for start-up
firms to establish their reputation with investors. However, the risks to investors from equity crowdfunding are
high. The high-risk nature of equity crowdfunding has the potential to act as a contagion, and further erode
confidence in the startup capital market by retail investors -- and this lingers over the GISA platform in Taiwan.
Therefore, this study applies the of Random Forest (RF) algorithm to evaluate the market reaction for start-up firms
on the GISA in Taiwan. The RF algorithm is proposed to be integrated into an Al model to forecast the market
reaction to start-up firms as they get listed on the GISA equity crowdfunding platform. The results not only fulfill
the gap of detecting market reaction in equity crowdfunding, but the proposed RF model can replace the traditional
statistics analytical technique to evaluate the market reaction. In proposed model applied Al algorithms to predict
the market reaction on Taiwan GISA platform which can provide a useful ensemble tool for start-up firms and
entrepreneurs to evaluate the degree of market reaction more efficiently before listing on the Taiwan GISA

platform.
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1. Introduction

With the rise of Financial Technology  crowdfunding, Rewards-based crowdfunding,
(FinTech), crowdfunding has become more  Debt-based crowdfunding, and Equity-based
popular. The crowdfunding market has been  crowdfunding [6, 29, 42]. The first model is
growing fast in this era. Crowdfunding platforms  donation-based which can collect charitable

include several different forms: Donation-based  funding in support of causes and projects. The
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second model is rewards-based that means
investors receive non-monetary rewards in
exchange for their contribution. The third model
is debt-based which provides a credit contract
regarding the benefits policy between funders
and fundraisers. The last model is equity-based
that offers an equity stake in the target company
[6, 29, 42].

Title III of the Jumpstart Our Business
(JOBS)
crowdfunding to the United States [23]. Rossi
and Walthoff-Borm [46, 59]
crowdfunding has emerged as a new financing

of
the
crowdfunding market has been growing fast in
this era. Agrawal [4] indicated the EC has e
allowed the matching of demand and supply of

Startups act introduced equity

proposed the

tool alongside more traditional means

financing new ventures. Therefore,

early-stage finance across a wider geographical
area EC is also one of the approaches in external
financing activity for start-up firms and EC is the
important financing alternative for early-stage
financing in small medium enterprise [12, 19,
59].

In 2015,

introduced

crowdfunding was
The best-known

equity-crowdfunding platform in Taiwan is Go

equity

to Taiwan.

Incubation Board for Startup and Acceleration
(GISA) and which
supervised by the OTC Taipei

is implemented and
Exchange
organization. As an OTC Exchange, the Taipei
Exchange is entirely focused on helping small
firms grow and providing the means to get the
capital to help them his the next chapter of their
The Taipei Exchange [53]. The
Taipei Exchange [53] reports that they have about
420,000 enterprises (61%) with paid-in capital
between NT$1,000,000 and NT$10,000,000 and

120,000 enterprises (18%) with paid-in capital

development.
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between NT$10,000,000 and NT$50,000,000 on
December 31, 2017. The advantages of start-up
firms to apply for a listing on GISA fall into have
four categoriesnitial Public Offering (IPO) is not
necessary, free counseling, raising capital with
fewer barriers and increasing the operating scale
and publicity [53]. The procedures of registration
on GISA platform include six steps that are
applying for GISA (APF), reviewing innovation,
creative opinion and comprehensive examination
(RICCE), providing integrative counseling (PIC),
examining the counseling results and companies’
qualification (CRCQ), capital raising on GISA
before registration (CRGBR) and registering on
GISA (ROG). Moreover, they can get exposure to
the public and retail investors with a listing on the

platform. (See Figure 1).

1PO/Public Market

N /

Private Market

 LAPF LRICCE | | AFIC

4, ECRCQ 5. CRGBR | &ROG  F===dr EMGS orc Listed

Figure 1. The processes of GISA registration
Source: Taipei Exchange (2019)

APF: Applying for GISA registration

RICCE: Reviewing innovation, creative opinion
and comprehensive examination

PIC: Providing integrative counseling
ECRCQ: Examining the counseling results and
companies’ qualification

CRGBR: Capital raising on GISA before
registration

ROG: Registering on GISA

EMGS: Emerging stocks companies

OTC: Over-the-counter companies

Listed: Listed companies
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While start-up firms can efficiently access
capital through GISA, the metric that is important
to track is the “equity subscription rate (ESR)”,
that represents the market reaction of start-up
firms’ know-how or idea. It must achieve the
100% when they want to list on the GISA.
Otherwise, if the ESR does not achieve 100%, it
means the market reaction is bad then start-up
firms must withdraw the registration process. For
example, if start-up firms would like to make
their financing by GISA equity crowdfunding
platform, they have to pass the all of review
procedures on GISA platform (See Figure 1 and
Figure 2). In particularly, it include a threshold
(ESR>100%) between step 5 and step 6 which
means that have a market reaction testing in the
platform. Therefore, they can list on the GISA
platform and make their financing if start-up
firms achieve this limitation. Otherwise, the
their
registration. In addition, the difficulty is higher
from GISA to IPO of start-up firms when the

market reaction is low in pre-listing on the GISA

GISA review process would reject

platform. This risk not only extends the financing
cycle but also that would be enhanced the threat
in urgency of working capital from start-up firms
(see Figure 2). Therefore, the market reaction of
start-up firms’ know-how or idea when they want
to list on GISA is very important. Past evidence
on the market reaction are concentrate on the
stock market and open market [50, 13, 27] and
there is few evidence on assessing the market
reaction in  pre-registering  on
this

focuses on the evaluation of market reaction in

equity

crowdfunding platforms. Hence, study

pre-register equity crowdfunding (such as GISA)

for start-up firms at Taiwan.
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Figure 2. The process of ESR
ESR: Equity subscription rate
The

intelligence (AI) and computing, many industries

rapid development of artificial
have implemented Al models for improving the
efficiency of solving problems [24, 37, 1, 36, 17].
Thus, Al has become a multidisciplinary and
interdisciplinary of natural sciences and social
sciences consisting of diversified disciplines [14;
32, 56]. Nevertheless,
evaluation of market reaction are concentrated on
the statistics technique [9, 52, 62, 57, 11, 18, 58].
that the

analytical methods require assuming the shape of

previous studies in

Dangeti [16] proposed statistics
the model curve priori to performing model
fitting on the data, whereas Al models do not
need to assume the underlying shape, as machine
learning algorithms can learn complex patterns
automatically based on the provided data. Hand
[22] indicated that statistics play a significant role
in AL

secondary data are more commonly used in Al

Nevertheless, larger datasets and
model, as opposed to statistics. Moreover, Al
techniques do not usually require particular
assumptions (e.g. independence of variables)
regarding the dataset, which often limit the use of
parametric statistical tests [7]. Previous studies
have implemented the Al model to replace the
mathematical model of traditional statistics
techniques for analyzing the topics in economics

and finance. The results have the high reference
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value in the practical application. [61, 47, 26, 20,
21].
Based

crowdfunding

the

to meet

the

in Taiwan has

on above, equity
a
requirement for start-up firms to list on GISA that
is “equity subscription rate (ESR)”, it means that
“market reaction”. If the market reaction of
start-up firms or plans achieved the requirement
of GISA platform which can fundraising by the
GISA. Past literatures on market reaction issue
were focused on the stock market and open
market [50, 13, 27]. Moreover, these studies
developed the analysis model by the traditional
statistics techniques. The barrier of traditional
statistics technique is assuming underlying shape
for evaluating the data.

Therefore, this study adopts the ensemble
learning Al algorithm of RF model to evaluate
the market reaction for start-up firms pre-listing
on GISA in Taiwan as the platform that can
predict the degree of market reaction in start-up
firms. The proposed Al model to forecast the
market reaction of start-up firms before listing on
the Taiwan GISA equity crowdfunding platform.
The results not only fulfill the gap of detecting
market reaction in equity crowdfunding but the
proposed RF model which can replace the
traditional statistics technique to evaluate the
market reaction then obtain more available
forecasting efficiency. From the commercial side,
the proposed model applied Al algorithms to
predict the market reaction in Taiwan GISA
platform that can provide a useful ensemble tool
for start-up firms and entrepreneurs to evaluate
the degree of market reaction more efficiency

before listing on the Taiwan GISA platform.
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2. Random  forest model and

evaluation indicator
2.1 Random forest model

Breiman [3, 8, 31] proposed the random
forest (RF) algorithm and it belongs to the
ensemble-learning algorithm in the machine
learning area based on the decision tree model.
The decision tree is to obtain a structure for
predicting the target variable and the application
is suitable for many fields [44, 45, 48, 54, 55].
Prasad [41] considered that the principal of

ensemble learning is to construct and integrate

multiple base learners to achieve better
generalization  capabilities. By randomly
extracting variables and sample data, the

algorithm generates many classification trees,
and then aggregates the results of classification
trees, which is the RF model [25, 33, 38, 43]. Pan
& Zhou [38] indicates the RF model improves
prediction accuracy without significantly
increasing the amount of computation workload
with the neural network, support vector machine,
decision tree and Adaboost model, and is not
sensitive to multivariate collinearity. Furthermore,
the RF model is robust for modeling of missing
data and unbalanced data in the machine learning
methodologies field. The RF model adopts the
classification and regression tree as the base
learner that is one of the algorithms of decision
tree [39, 40, 63]. Acharjee [2] proposes the
procedures of RF as follows: each decision tree is
constructed from a bootstrap sample of the
calibration dataset, containing about two thirds of
the sample. Elements not included are referred to
as out-of-bag (OOB) data. At each node the
un-pruned decision tree is grown at each sample,
one third of the predictor variables are randomly
selected and the best split is chosen according to

the lowest Gini index [10]. At each bootstrap
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iteration, the response value for OOB data is
predicted and averaged over all trees. The
splitting process is repeated in each tree until a
predefined stop condition is reached [15, 63], and
then applies the average method or voting
method to combine the prediction results of
multiple decision trees to determine the RF
prediction result [60]. Therefore, currently, RF is
regarded as one of the best framework for this
purpose [30]. Lu [30] also indicates the RF model
can handle high dimensional data of many
features, does not have to select the features and
is adaptable for the database and it can not only
deal

continuous

with discrete data but also deal with
data without standardization. The

concept of RF is shown in Figure 3.

=
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Figure 3. The concept of RF

According to Pan & Zhou [38] the RF is
performed by the growth of decision trees related
to the random vector 8. They assume that the
training set is extracted independently from the
distribution of random vectors Y and X. Let &(x)
represents the regression result of single decision
tree, and then the predicted value of random
forest (X, 6;),i =1,2,...

averaging regression results of n decision trees.
1
Bx) =13, 6,(0) (1)

Where S(x)
combined regression models. The RF is to

,n is acquired by the

represents the result of

acquire different sample sets by the method of
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bootstrap resampling. Hence, the RF adopts
bootstrap sampling to extract n samples from the
original training data, develops decision tree
models for n samples, and obtains n classification
results and votes on each sample to evaluate its
final classification based on the n classification

results.
B(x) = arg;naxZ?ﬂI((?i(X) =Y) ()

Where fS(x)

combined

the result of
6;(X)
represents the result of single decision tree. Y

represents
classification models.
denotes the output factor. I(-) is a linear
function.

With the

classifications increase, the generalization error

number of decision tree

of decision trees in all forests converges to eq.
3):
YV = PyPyB(x,6) = v) — maxp, (8(x,6) = J) < 0)
3)
V' =Py (f(X,Y) <0)
f&Y) = av I (5;(X) =) — avl (8;,(X) = J)

Where n is the number of decision trees in
the RF model. The generalization error y will
reduce when the decision tree increases.
The RF model is a kind of ensemble learning
method that is developed by growing a certain
number of decision trees [10, 34, 35]. The
bootstrap sampling is to randomly select the
samples from the original database with
replacement to acquire new datasets of the same
size. Selected data samples are called in-bag data,
which are applied to train in decision tree model.
The unselected data are called OOB data and they
are not involved in the training of the RF model.
Consequently, the OOB data can be applied as the
validation data to predict the generalization error
and thus to quantify the training accuracy [11]. It

can be evaluated that the prediction result
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through majority voting of decision tree
classifiers [8]. Suppose the original sample size is
N. The sample feature dimension is M, and the
number of decision trees in the random forest
model is p. The specific modeling steps are as
follows [28, 11]:

(1) Constructing p decision trees from the
original data through bootstrap method.

(2) Randomly selection of the m features in the
M dimension as training for different decision
trees, and m < M.

(3) Grow adecision tree for each training subset
by the CART algorithm without pruning.

(4) Adopts the trained decision trees to predict
the OOB validation samples. The final prediction
of an OOB

determined by the majority votes

results validation sample is
of the
predication from all the decision trees that are
grown without using the sample.

(5) The OOB error

percentage of the wrongly predicted OOB data,

is estimated by the
while the training accuracy of the RF model is the
percentage of the correctly predicted OOB data

samples.

2.2 Model evaluation indicator

The performance evaluates such as accuracy,
precision, recall, F1 score depend on the four
evaluates True Positive (TP), True Negative (TN),
False Positive (FP) and False Negative (FN) (See
Table 1). TP ratio is evaluated by the correctly
market reactions category to the total number of
market reactions category in the dataset. TN
ratios are the results that are correctly recognized.
FP and FN ratio are the results that wrongly
classified to be a part of wrong class. Based on
the above evaluates, the precision, recall and F1
score are computed.

is to

Precision-recall employed here
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measure the performance of classification, more
specifically, the performance of classification of
each class and generalization of our classifier.
Furthermore, the synthesized F1 score is able to
measure the performance of classification by
taking precision and recall into consideration.

The calculation of evaluates are as follows:

TP+TN

Accuracy = o N )
. TP
Precision = TPiFE) (5)
TP
Recall = TPFN) (6)
F1 score = Z*Pre.ci'sion*Recall (7)
Precision+Recall
Table 1. Confusion matrix
Low (Actual) | High (Actual)
Low
. TP FP
(Predicted)
High
) FN TN
(Predicted)
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3. Case Study
31 WEKA

WEKA is a data mining software developed
by the University of Waikato in New Zealand that
constructs data mining algorithms using JAVA
language. Russell & Markov [49] indicated the
WEKA system provides a rich set of powerful
machine learning algorithms for data mining
tasks, along with a comprehensive set of tools for
data pre-processing, statistics and visualization,
all available through an easy to use graphical user
interface. In addition, Sewaiwar & Verma [51]
proposed that WEKA implements algorithms for
data pre-processing, classification, regression,
clustering and association rules and it is not only

affording a toolbox of learning algorithms, but
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also a framework inside which researchers could
implement new algorithms without having to be
concerned with supporting infrastructure for data
manipulation and scheme evaluation.

Therefore, the application of RF model is
implemented by WEKA software in this study for

Cheng-Shian Lin, Chun-Yueh Lin, Sam Reynolds

detecting the market reaction of start-up firms in
equity crowdfunding on the Taiwan GISA
platform. The interface of the WEKA GUI and
interface are shown in Figure 4 and Figure 5. The
flowchart of building RF model is shown in
Figure 6.

L

Program Visualization Tools Help

Waikato Environment for Knowledge Analysis
Version 3.8.3

{c) 19599 - 2018

The University of Waikato

Hamilton, New Zealand

WEKA

The University
of Waikato

Applications

Explarer

Experimenter

KnowledgeFlow

Workbench

Simple CLI

Figure 4. WEKA GUI
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€3 Weka Explorer

Preprocess

[ Open file... J [ Open URL... J [ Open DB... J [ Generate... J

Filter

Choose |[None

Type: Mone
Unigue: Mone

v|| visualize Al |

‘Welcome to the Weka Explorer

Current relation ~ Selected attribute
Relation: Mone Attributes: None MName: Mone Weight: None
Instances: Mone Sum of weights: None Missing: Mone Distinct: None
Attributes
Status

Figure 5. WEKA interface
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{ Randomly divide the dataset |

| y L
[ Teaining dataset | | Testing dataser ]
L
[ TesttheRF |
Training RT ' ‘
L model
| Obtain training | [ Obtain testing ‘
ACCUrACY L accuracy

Figure 6. Flowchart of building RF model
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3.2 Data Sources and Data Preprocessing

In this study, start-up firms are analyzed in
the research period from January 1%, 2016 to
December 31, 2018. The major data source is
the listing data from the GISA, Taipei Exchange.
The testing data is from GISA by random
sampling from January 1%, 2019 to June 31%,
2019 in 20 data samples.
the

crowdfunding are opaque. Start-up firms have to

Because characteristics of equity
provide the details of the profit and loss account
(P&L) Statement and balance sheet (BS) when
they will list on the GISA platform in This study
implemented the all factors from the profit and
loss account and balance sheet. As known to all,
the evaluation of the start-up firms’ market
reaction, which consists of the evaluation of the

financial structure and operation structure that

Cheng-Shian Lin, Chun-Yueh Lin, Sam Reynolds

include the P&L statement and BS. The data of
start-up firms that enroll in the evaluation will be
preprocessed. With such purpose, the format of
the data from the GISA must be unified. After
data cleaning, data conversion, data integration,
and data filtering, type and value of the data can
be converted. During this process, it is necessary
to reduce the unrelated information and noise, so
that the factors which affect the market reaction
of start-up firms on the GISA platform
the

dataset of the features and target parameter in this

Accordingly, discretizing original
study is shown on Table 2 which include 126
start-up firms on the GISA platform. The
descriptive statistics data is shown in Table 3 and
the discretized data of each feature and target

parameter is shown in Table 4.

Table 2. The original data type of features and target parameter

Features Type
Location Nominal
Industry Nominal
Current Assets Numeric
Non-current Assets Numeric
Total Assets Numeric
Current Liabilities Numeric
Non-Current Liabilities Numeric
Features Total Debts Numeric
Total Capital Numeric
Additional Paid in Capital Numeric
Retained Earnings Numeric
Other Equity Interest Numeric
Total Equity Numeric
Net Sales Numeric
Operating Costs Numeric
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Gross Profit Numeric
Operating Expenses Numeric
Operating Income Numeric
Total Non-Operating Income Numeric
Pre-Tax Income Numeric
Income Tax Expense Numeric
Profit (loss) Numeric
Other Comprehensive Income Numeric
Total Comprehensive Income Numeric
Target Equity Subscription Rate Numeric

Table 3. The descriptive statistics of features and target parameter

(Unit: Thousand)

Features~ Maxs Min< heans Variation Standard Deviation«|
Location? Mulls Null# Nulld MNulls MNulls
Industry< Null# Null# Nulls Null# Null#
Current Assetsd 10,620,706.000° 3190004 134 660.960- 883,570,163 227 1492 030 988.017<
Non-current Aszetsd 24.773,243.000¢ 0.000+ 2449725100 | 4822271 537 3854507 2,193,967.108<
Total Aszzetsd 35,395,949 000~ 3470007 379.633.0637| 9827490130736 890~ 3,134,882 7942
Current Liabilitiess 8,179 878.000- 160007 07,873 6602 528837922 53383742 7272124339
Non-Current Liabilities+ 324 900.000- 0.000+ 176743137 1,979.607,028.658 44 492 7752
Total Debtzs 8.304,778.000+ 160007 114,801.746< 568.712,669.091 412 754,130.406°
Total Capitals 30,000,000.000- 3.233.0007 4662700957 | 19637796067, 994 400- |  4.431.455 299~
Additional Paid in Capital” 12,000,000.000° -1,912.000< 104 640508 [ 1,132,395 343 8635 440~ 1,064,140.7542
Fetained Earnings” 114 466.000< -333,473.0002 | -26,672.611< 2,498,091 999 004~ 49 980.916<
Other Equity Interest §.350.000+ -35,108,829.000+| -2792.405.173° 9,704,775,933 492 830# 3,115,248 9392
Total Equitys 26,891 171.000- -24.026 000~ 264 8314137 5,678,119 74% 374 480+ 2,382 8805372
Net SBales+ 7.735,006.000- 0.000+ 124 537.651< 470,697 233,615 8042 686,073.781<
Ovperating Costse 14 252 529.000° 0.000+ 156,977214<( 1,503.510,943 879.720¢ 1,262,343 433¢
Gross Profit? 241,039.000° -6,317,523.000 | -32.432.833¢ 337.471,304,941 4404 380,922 8059
Operating Expenzesd 13,393 005.000° BOE.000~ 131526492 1,407.936,035 3841200 1,186,564 805
Operating Income+ 49 720 000 -19.910,528.000+| -163,951.270< 3,119,895821018.180- 1,766,322 6832
Total Non-Operating Incomes 290 330,000 -16,752. 000+ 76431834 6,386,357 277 090~ 79,914 687<
Pre-Tax Income+ 60.473.000< -19.011,189.000+| -157,793.952- 2 867,034.409.831.020- 1,693,231 9422
Income Tax Expenses 11,644 000+ -6,803.000~ 142 2627 2,603 966.7967 1,641.331~
Profit {loss)< 48 831.000< -19.004 2950004 | -156.445.159 2842 4153577 2190209 1,685,946.493¢
Other comprehensive incomes 14 415,000+ -712.000# 114.079¢ 1,650,256.692¢ 1,284 6237
Total comprehensive incomed 43, 882.000< -19.004.295.0004| -156,372.91537 2,842.430.127397.5109 1,685,933 477¢
Equity Subscription Rates 350.000% Q7 060% 174 360% 102.795% 101.388%-
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Table 4 The discretized data of each feature and target parameter

Features” Discretized type+ Classification Method+
Taipei City, Tainan City, Taichung City, New Taiper City, Pingtung County,
Location+ Miaoli County, Kachsiung City, Hsinchu County, Hsinchu City, Chiayi County, | Null®
Changhua County, Taoyuan City+
Information Technology; Cultural Innovation; Biotechnology; Agriculture,
Industry+ Forestry, Fishery and Animal Husbandry; Sccial Enterprise; E-commerce; Null~
Orthers<
Classified by infer i and |
Cutreat Assets? High, Medium, Low, Extremely Low> SR i
) quartile deviations
Classified by interquartil and
Non-current Assetse High, Medium, Low, Extremely Lowe “s_l . " e rnge
- quartile deviations
Classified by interquartile range and |-
Total Asgetss High, Medium, Low, Extremely Low o i
ki quartile deviations’
Current [_iabilihess Hich Medinm Iow, Extremely Lows qm_l'ﬁm M #“qm:lt M
quartile deviation+
_ i . . Classified by mterquartile range and |
Non-Current Liabilitiess” [High, Medium, Low, Extremely Lows : ,
quartile deviations
; : Classified by interquartile range and
Total Debts High Medium, Low, Extremely Low 3 bE
quartile deviations
A - Classified by interquartile range and |
Total Capital” High Medium, Low, Extremely Low : e -
quartile deviations
Additional Paid in . .
; High, Lowe Classified by mean”
Capitaly
Classified by i il and |
Retained Earningse High, Medium, Low, Extremely Lows ass_ 3 mre-rqua.rt s 2
quartile deviations
Other Equity Interest’  [Positive, Null, Negatived Classified by the original datas
] . . : Classified by interquartile range and
Total Equity+ High, Medium, Low, Extremely Lowe ¥ o
3 quartile deviations
24 : : Classified by interquartile range and |
Net Sales+ High, Medium, Low, Extremely Lowv : 1 -
quarhle deviations’
) . _ Classified by interquartile range and
Operating Costz? High Medium Low, Extremely Low ; Sk
quartile deviations
Gross Profity High Medium Low, Extremely Lows Class.l.ﬁad b" @Hqua:hle range and |
quartile deviation+
o E : High, Medivm, Low, E v Lowe Classified by interquartile range and |
Operating Expenses+ i ow, Extremely Low ; ;
" i e i quartile deviations
Operating Income+ Positive, Negative” Classified by the original data”
Total N erating Classified by inferquartile range and |-
e High, Medium, Low, Extremely Low R =
Incomes quartile deviations
Pre-Tax Income+ Positive, Negatives Classified by the original datas
Income Tax Expense”’  |Positive, Null, Negative” Classified by the ongnal data”’
Profit (loss) Positive, Negatives Classified by the original data~
O¥ter Compeehensiv®  lponitive, Null, Negatives Classified by the original date”
= csitive, Null, Negatives as5s y ongin
Total Comprehensive
TR Wit Negatived Clinasiliad fay thes cusgianl iiad
Income”
Maret i it Classified by the distance of max
5 EE Rw:tel‘;iqm  |High, Lows and min 1.nmean of equity
subscription rates

3.3 Random forest and evaluation features of data sources are 24. We obtained the
This study implements the WEKA software for
evaluating the market reaction of start-up firms

on GISA platform in Taiwan by RF model. The

most important features by correlation attributes
evaluation method in WEKA software, which

include Non-current assets, Total assets,
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Non-current liabilities, Total capital, Additional incorrectly ratio is 32.5% which is shown in
paid in capital, Retained earnings, Profits, Total = Figure 7. Another, the testing data is from GISA
comprehensive income. The final RF training by random sampling on 20 datasets (See Table 5),
model for evaluating the market reaction on  the results of correctly ratio in testing datasets is
start-up firms is shown in Figure. 6, with number ~ 65% and incorrectly ratio is 35% (See Figure. 8).
of iterations are 280 and number of features are

(log 2 (predictors) + 1). Then the results of

correctly ratio in training datasets is 67.5% and

Table 5. The random sampling data for testing

Total
Start- | Non-current]| Total | Non-Curreat | Total Additional | Retained | Profit i Equity Subscription
uvps IDY  Assets | Assetsd| Liabilities’ | Capitald |Paid in Capital| Eammngsc| (loss)s _I =.n'e Rate(Market reaction)
incomes’
] : : Extremely s g .
1o Lows | Medmumsd High# Medmm Lows y o Negatived  Positives High#
oW
Extremely Extremely
24 V1 Low: Medmm- g Lows Lows | Negatived Negatives Highs
Lows Lows
3¢ Medmm: | Medium- High+ High# High+ Lows | Negativeq Positives Lows
; ; . . ; Extremely ; i
42 High+ High? High# Medmm? High+ Y esisd Negative{  Positives Lows
o
Extremely | Extremel ) Extremely . . )
b T Medium- { Lows Lows | Negative] Negatives High+
Lowa ¥ Lows Lows
Extremel i i ! : i .
6 Lowa i Medmms | Medmm: High+ Highs |Negatived Nepative” Low
y Low-
Extremely Extremely .
Te Medim- High: High+ Lows © | Positive- Positives Low
Low? Low
8- Lows | Mediums< Lows High+ Low< Lows | Negatived Nepgative: High~
Extremely
8¢ Lowa Highs Medmm- Highs High+ L _j Wegative| Negatives Low?
o
Extremel . Extremely ! y
10+ Low Medmum- L Lows Lows | Negative] Negatives Low
¥ Lows Low<
; Extremely ; ; : o ; 2
11¢ | Medmm? | Medium L Medium¢ High+ Medinm< | Positives]  Positives High
owe
i . . : Extremely ; ; .
12# High~ High# Lowe High+ High T MNegative] Negatives High+
oW
; Extremely : 3 : : o
13 | Medmm< | Medium< L High+~ High+ Highs |Negativey Positives Low
oW
14+ Lowe Low< Low+ Medmm~ Lowe High® |Negativey Negative” Lows
15¢ Highw |Mediumy Medmm< | Mednm< High+ Lows | Positives] Positives High
i : Extremely : . L :
16# | Medmm+ | Low* Medmm+ L Low+ High® | Positives] Positives High#
ow
Extremely | Extremel
17+ T © Low+ Low+ Low+ Medium+ | Negative Negative: Lowv
Low+ v Low+
Extremely | Extremely : 3 : :
15+ Low Low Low+ Medmum | Negative| Negatives High#
Low¢ Low* -
Extremely | Extremel Extremely
19 o 5 Low+ Low+ Low+ e Negative| Negatives High#
Lowe v Low+ Lows
; : : Extremely i . i .
20¢ | Medmm+ | High# Medmum+ 1 High# High® | Positiveq] Negatives Lowe
owe’

E-ISSN: 2224-2899 252 Volume 17, 2020



WSEAS TRANSACTIONS on BUSINESS and ECONOMICS
DOI: 10.37394/23207.2020.17.26

Cheng-Shian Lin, Chun-Yueh Lin, Sam Reynolds

Stratified cross-wvalidation

=== S]_]_‘[n]na ]‘_"'Elr ===
Correctly Classified Instances 235 67.4603 %
Incorrectly Classified Instances 41 32.50397 %
Kappa statistic 0.3485
Mean absolute error 0.40355
Boot mean squared error 0.46594
BEelative absolute error 21.0836 %
Boot relative sgquared error 93.243% %
Total Number of Instances 126
Figure 7. The RF results of training data
— Su_‘[n]na ]':EIT —
Correctly Classified Instances 13 a5 %
Incorrectly Classified Instances 7 35 %
Kappa statistic 0.3
Mean absolute error 0.40861
BEoot mean squared error 0.4312
Total Humkber of Instances 20

Figure 8. The RF results of testing data

the

including classification

This

evaluation methods

study applied performance
accuracy, precision and recall based on the
confusion matrix (see Table 1), and 10-fold cross
validation to evaluate the proposed method.
Finally, we also used the Fl-score and ROC
curve to measure the performance of the RF
model. Table 6 to Table 7 are the evaluation
indicators on training datasets and testing
datasets. The accuracy, precision, recall and F1
score in testing datasets that provide 0.650, 0.500,
0.625 and 0.556 respectively. It represents that
this prediction model have 65% for detecting the

market reaction of start-up firms in GISA equity

E-ISSN: 2224-2899
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crowdfunding platform in Taiwan. For example,
a new startups’ entrepreneur who can implement
the forecast model to evaluate the market reaction
in equity crowdfunding market when he (she)
would like to make their funding by register
GISA platform at Taiwan. Finally, the ROC curve

is shown in Figure 9 and Figure 10.
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Table 6. Confusion matrix of training datasets

Cheng-Shian Lin, Chun-Yueh Lin, Sam Reynolds

Table 7. Confusion matrix of testing datasets

Low (Actual) | High (Actual) Low (Actual) | High (Actual)
Low Low
. TP (45) FP(19) . TP (5) FP(5)
(Predicted) (Predicted)
High High
) FN(22) TN(40) ) FN(3) TN(8)
(Predicted) (Predicted)
Training datasets accuracy Testing datasets accuracy
TP+ TN 85 TP+TN 13
“TP+FP+FN+TN 126 “TP+FP+FN+TN 20
= 0.674 = 0.650
. . TP , . TP
Training datasets precision = m Testing datasets precision = m
45 5
== 0.703 0= 0.500
Training datasets recall = L = 4—5 Testing datasets recall = L = E
(TP+FN) 67 (TP+FN) 8

= 0.672
Training datasets F1 score

_ 2 * Precision * Recall

Precision + Recall

0945

——— = 0.687

1.375

Plot (Area under ROC = 0.7147)

1

T
0.5

Figure 9. The ROC curve of training datasets
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= 0.625

Testing datasets F1 score

_ 2 * Precision * Recall

Precision + Recall

0625

——— = 0.556

1.125

Plot {Area under ROC = 0.72)

1

[1}

a

T
0.5

Figure 10. The ROC curve of testing datasets

Based on the above, the proposed model has

67.4% efficiency to forecast the market reaction

Volume 17, 2020




WSEAS TRANSACTIONS on BUSINESS and ECONOMICS
DOI: 10.37394/23207.2020.17.26

in pre-listing stages on GISA. The level of F1
score has 68.7% means that the robustness of the
proposed RF model is suitable for predict the
start-up firms market reaction. Additionally, we
applied the random sampling for 20 samples from
January 1%, 2019 to June 31%, 2019 to test the
proposed RF model. As the results of testing data,
the accuracy and F1 score are 65% and 55.6%, it
represents the proposed RF model which can
assist the start-up firms to predict the market
reaction when they want to list on the GISA
platform (see Figure 11). We can understand by
the Figure 11 that indicates the startup 3, 6, 7, 10,
12, 14, 19 are failure. For example, the actual
value of market reaction in startup 3 is low, but
the predicted result is high; the actual value of
market reaction in startup 12 is high, but the
predicted result is low. Even though the
theoretical results have some failure on this
detecting model. In overall, the performance of
accuracy have 65% for predicting the real data in

market reaction on GISA platform to startup

firms.
Compare with actual and predicted
[High
Low
1 23 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20
actual predicted

Figure 11. The comparison of results in testing

datasets

4. Conclusion

The equity crowdfunding platform in Taiwan is
GISA on the Taipei Exchange. If start-up firms
want to list on the GIA platform, they must test

the market reaction prior to listing when the
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market reaction is bad then start-up firms have to
withdraw the registration process. This risk not
only extends the financing cycle but also that
would enhance the threat in urgency of working
capital from start-up firms. Thus, this study
proposes a machine-learning model to help the
entrepreneurs for forecasting the market reaction
on GISA platform in Taiwan.

This study provides empirical evidence
about the market reaction for start-up firms
pre-listing on the GISA in Taiwan equity
crowdfunding platform by the RF model. The
evaluation performance of this model which the
accuracy is 67.4% and the F1 score is 68.7% then
the testing dataset have 65% and 55.6%. In view
of the GISA in Taiwan is an equity crowdfunding
platform, the datasets of GISA is not transparent
and the founding time is from 2015. Even though
the performance is not very high, but it also can
obtain the initial analysis for evaluating the
market reaction before listing on the GISA
platform to reduce the risks based on this
limitation situation. Due to the founding of GISA
platform in Taiwan in 2015, the data samples,
start-up firms’ behaviors, operation strategies and
details are not transparency. Hence, the further
study that can increase the new datasets and new
features then reconstruct the forecasting model
for retesting and improving the evaluation
performance.

Consequently, this study applied the Al
algorithm of ensemble RF model for predicting
the market reaction of start-up firms listing on the
GISA equity crowdfunding platform, which able
to obtain the probabilities of market reaction of
start-up enterprise and forecast the degree of
market reaction. The proposed Al model to
forecast the market reaction of start-up firms
the

before joining Taiwan GISA equity
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crowdfunding platform. The results not only
fulfill the gap of detecting market reaction in
equity crowdfunding but the proposed RF model
which can replace the traditional statistics
technique to evaluate the market reaction then
obtain the evaluation rules and more available
forecasting efficiency., the proposed model
applied Al algorithms to predict the market
reaction in Taiwan GISA platform that can
provide a useful ensemble tool for start-up firms
and entrepreneurs to evaluate the degree of
market reaction more efficiency before listing on
the Taiwan GISA platform. Finally, this study
proposes two recommendations for future study.
The first is future research that can apply the
proposed model to detect the probabilities of the
private market (GISA) to the IPO market. The
second is that may concentrate on implementing
other machine learning algorithms such as SVM,

ANN, Logistic regression and so on.
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