
Journal of Behavioral and Experimental Finance 37 (2023) 100733

C
S

s
v
(
t
b
i
t
p
c
h
s

f

U
D

c

h
2

Contents lists available at ScienceDirect

Journal of Behavioral and Experimental Finance

journal homepage: www.elsevier.com/locate/jbef

Full length article

The impact of the disclosure characteristics of the applicationmaterial
on the successful listing of companies on China’s Science and
Technology Innovation Board✩

hen Han, Chengliang Wu, Lu Wei ∗

chool of Management Science and Engineering, Central University of Finance and Economics, Beijing 100081, China

a r t i c l e i n f o

Article history:
Received 29 March 2022
Received in revised form 26 July 2022
Accepted 28 July 2022
Available online 4 August 2022

JEL classification:
G14
G18
G39

Keywords:
STAR Market
Registration statement
Inquiry-Reply letter
Disclosure characteristic
Text analysis

a b s t r a c t

The registration statement, the inquiry letter, and the reply letter are the main application materials
for companies wanting to list on the Science and Technology Innovation Board (STAR) need to
submit to regulatory agencies In this paper, we aim to study the impact of these three kinds of
application materials on the successful listing of companies on STAR market in China through six
text characteristics, including Words, Boilerplate, Fog Index, HardInfoMix, Redundancy, and Specificity
for the first time. In the empirical analysis, we collect the registration statements and the inquiry-reply
letters of 220 listed companies and 64 unlisted companies from June 13, 2019 to January 31, 2021 to
perform the regression analysis. The empirical results show that, for registration statements, higher
Words and Boilerplate will improve the success rate for listing, but higher Redundancy will lead to
the failed listing. For the inquiry-reply letter, only the number of questions contained in the inquiry
letter is negatively significantly associated with the initial public offering (IPO) success rate, while the
text characteristics of the reply letter have little to do with the IPO success rate.

© 2022 Elsevier B.V. All rights reserved.
1. Introduction

To reform the structure of China’s capital market registration
ystem and enhance the financing support for technological inno-
ation enterprises, the Science and Technology Innovation Board
STAR Market) was established in 2019 and the registration sys-
em was applied for the first time. It is independent of the main
oard market, and its main investment directions are emerg-
ng technology industries such as new generation of informa-
ion technology, new materials, energy-saving and environmental
rotection, and biomedicine. On this board, Shanghai Stock Ex-
hange (SSE) and China Securities Regulatory Commission (SCRC)
ave launched a registration-based initial public offering (IPO)
ystem.
Under the registration-based system, the IPO pass rate is af-

ected by many factors. In this paper, we study the effect from
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the perspective of the application material, including the regis-
tration statement and the inquiry-reply letter.1 The registration
statement is an application document submitted by the company
for issuance and listing, which contains information about the
company’s basic situation, risk factors, technical status, and fi-
nancial status, etc. After the company submits the registration
statement, SSE will issue an inquiry letter based on the contents
of the registration statement, and the company needs to answer
the questions accordingly, which is called the reply letter. Finally,
SCRC and SSE decide whether the company can list or not through
the contents disclosed. Therefore, the textual application mate-
rials determine whether the company can be successfully listed
on the STAR Board. Thus, the research on the impact of these
three types of application material in STAR Market has important
theoretical value and practical significance (see Fig. 1).

Recently, the valuable information contained in text data is
getting more and more attention in research. The disclosure of
textual information on corporate operating conditions is con-
ducive to investors for a timely and comprehensive understand-
ing of the company’s internal operations, which plays an impor-
tant role in investment decision-making (Manela and Moreira,
2017; Ouyang et al., 2021). In addition, information disclosure

1 Textual data source: Shanghai Stock Exchange, Available at: http://kcb.sse.
om.cn/disclosure/.

https://doi.org/10.1016/j.jbef.2022.100733
https://www.elsevier.com/locate/jbef
http://www.elsevier.com/locate/jbef
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jbef.2022.100733&domain=pdf
mailto:hanshenmesen@163.com
mailto:chengliang_wu@foxmail.com
mailto:weilu2014ucas@163.com
http://kcb.sse.com.cn/disclosure/
http://kcb.sse.com.cn/disclosure/
https://doi.org/10.1016/j.jbef.2022.100733


C. Han, C. Wu and L. Wei Journal of Behavioral and Experimental Finance 37 (2023) 100733

d
A

c

f
a

Fig. 1. SSE audit flow chart.
c

can also reduce the asymmetry of financial market information,
optimize resource allocation, and improve the efficiency of the
capital. The analysis of the textual information disclosed by listed
companies can make up for the lack of financial data, thereby
predicting the company’s value and future development (Renault,
2017; Semiromi et al., 2020).

Among text documents about the company situation, the fi-
nancial statement is one of the most important sources of in-
formation for investors to understand companies, which contains
the financial and risk information of the company, providing valu-
able information for investors and regulators. Researchers have
realized the importance of textual information reported in finan-
cial statements and there have been studies focusing on analyzing
the qualitative textual disclosure of financial statements (Li et al.,
2020). For example, Li (2010) studied the information content
of the company’s annual report and found that it can predict
the company’s future profitability and stock liquidity. Campbell
et al. (2014) found that risk disclosure information can be used
to predict the stock return volatility. Chircop and Tarsalewska
(2015) studied the impact of the company’s annual report on the
efficiency of mergers and acquisitions and found that the longer
the annual report of the acquired party, the greater the market re-
sponse of the acquirer when the M&A announcement was issued.
Wei et al. (2019) incorporated textual risk disclosures reported in
financial statements into bank risk aggregation and obtain more
reasonable aggregate risk results than traditional quantitative fi-
nancial data. Li et al. (2020) studied the risk dependence between
energy corporations based on textual risk disclosures in annual
financial reports and found that the text-based risk dependence
between the energy corporations is informative about their future
stock co-movement.

With the development of computer processing technology,
text analysis provides new methods and tools for the structured
processing of text information (Qc et al., 2022). Some researchers
focus on studying the disclosure characteristics of financial state-
ments. Particularly, Klynveld Peat Marwick Goerdeler (KPMG),2
one of the four major international accounting firms, concluded
that too long length will reduce the readability of the text. And
the Financial Accounting Standards Board (FASB) found that the
generic and standardized disclosure (referred to as ‘‘Boilerplate’’)
was often used by companies in 10-K reports.3 The United States
Securities and Exchange Commission (SEC) had urged firms to
evaluate boilerplate disclosure and indicated that redundancies
disclosure should also be paid more attention.4 Mark and Lorien
(2015) linked the use of boilerplate to decreased text quality. And
Cazier and Pfeiffer (2017) showed that redundant disclosure will
lead to less efficient price discovery.

2 Klynveld Peat Marwick Goerdeler, Disclosure overload and complexity: hid-
en in plain sight. Available at: http://www.kpmg.com/US/en/IssuesAndInsights/
rticlesPublications/Documents/disclosure-overload-complexity.pdf.
3 Financial Accounting Standards Board, Disclosure framework: Invitation to

omment. Norwalk, CT, 2012.
4 Securities and Exchange Commission, Disclosure effectiveness: remarks be-

ore the American bar association business law section spring meeting. Available
t: https://www.sec.gov/news/speech/2014-spch041114kfh, 2014.
 h

2

As for specific disclosures, SEC had expressed concern that text
disclosure has become increasingly vague and less likely to be
supported by quantitative data.5 Hope et al. (2016) found that
more specific disclosures would cause greater market reactions
and better risk assessments, leading to a rise in the stock price.
Besides, Blankespoor (2019) found that after the adoption of XBRL
(eXtensible Business Reporting Language) requirements, compa-
nies would increase their quantitative disclosures, which eventu-
ally improved the specificity. Dyer et al. (2017) summarized the
above five text characteristics and added the Fog Index into the
text characteristics and studied their dynamic changes over time
in 10-K reports. So far, previous research has summarized 6 text
characteristics in 10-K reports, which can comprehensively reflect
the disclosure characteristics of the financial text.

However, there are few studies that focus on the text char-
acteristics of the application materials of the STAR market and
their impact on IPO success rate in the STAR Market. In this paper,
we first comprehensively capture the textual disclosure charac-
teristics of STAR Board application materials, including Words,
Boilerplate, Fog Index, HardInfoMix, Redundancy, and Specificity,
which are used to further study their impact on the IPO success
rate. In the empirical analysis, we collect the registration state-
ments and the inquiry-reply letters of 220 listed companies and
64 unlisted companies from June 13, 2019 to January 31, 2021 in
the STAR Market to perform empirical analysis. Our research has
important theoretical and practical implications. By first founding
the relationships between textual disclosure characteristics of
STAR Board application materials and the IPO success rate, we
can provide suggestions on how to write application materials for
enterprises to improve the success rate of listing; For regulators,
our research findings can help them improve the writing require-
ments of enterprise listing application materials and screen out
high-quality enterprises suitable for listing on STAR Market.

The structure of this paper is as follows. In Section 2, we
present the methods of calculating the disclosure characteristics
and the regression model. Section 3 provides the empirical re-
sults. And Section 4 offers recommendations and concludes the
paper.

2. Methodology

In this section, we present the definition and calculation meth-
ods of six text disclosure characteristics and the regression model
in the empirical part.

2.1. The definition of six text characteristics

1 Words
The length of the registration statement is undoubtedly impor-

tant. Prior research believes too long disclosure words will lead to

5 Securities and Exchange Commission, A plain English handbook: How to
reate clear SEC disclosure documents. Available at: https://www.sec.gov/pdf/
andbook.pdf, 1998.

http://www.kpmg.com/US/en/IssuesAndInsights/ArticlesPublications/Documents/disclosure-overload-complexity.pdf
http://www.kpmg.com/US/en/IssuesAndInsights/ArticlesPublications/Documents/disclosure-overload-complexity.pdf
https://www.sec.gov/news/speech/2014-spch041114kfh
https://www.sec.gov/pdf/handbook.pdf
https://www.sec.gov/pdf/handbook.pdf
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Table 1
The definition of characteristics.
Text characteristics Description

Words The number of words used in the text
Boilerplate The percent of sentences containing words that shared by at least 75% of all firms in a given periodic year

Fog Index The Fog Index = 0.4[(total words/total sentences) + 100*(difficult words/total words)], where difficult words are the words out of
Chinese common dictionary

HardInfoMix The percent of informative numbers (price, tax, product quantity, etc.)
Redundancy The percent of words in sentences that are repeated verbatim in other portions of the whole text
Specificity The percent of entities (locations, people, organizations, dollar amounts, percentages, dates, or times)
less readability and more redundancy, and insufficient disclosure
is often proved to be poor quality of disclosure (Li et al., 2020).

In this paper, we consider the length of the disclosure, mea-
ured by the number of words of the registration statement.
enerally speaking, the longer the article, the more informative
he information disclosure. However, too long text disclosure will
lso lead to the increase of redundancy and boilerplate, hindering
nvestors from acquiring the valuable information, and eventually
eading to an impact on the IPO underpricing.

2 Boilerplate
We measure boilerplate by counting sentences that contain

ords that are extremely common among registration state-
ents. It represents how many template words are used among

he enterprises.
For standard format, simply increasing the length of disclo-

ure is not helpful if the content does not contain any useful
nformation. Moreover, it may even provide opportunities to hide
nformation and reduce informativeness (Mark and Lorien, 2015).
enerally speaking, registration statements containing more boil-
rplate tend to be less informative. Therefore, the increase in
oilerplate will reduce the unique information and affect the IPO
nderpricing.
3 Fog Index
The Fog Index is used to measure the readability of text

ased on the length of sentences and the proportion of complex
erminology. It shows how many years of education it takes to
nderstand the text and expresses how easy the text is to read.
The Fog is a common indicator of text readability. If it is too

igh, readers may find it difficult to understand the text. If it is too
ow, the professionalism of the text may be insufficient. There-
ore, The Fog Index can affect the difficulty for investors to obtain
nformation, affecting the investment and IPO underpricing (Li,
008).
4 HardInfoMix
The percent of numbers is also one of the important elements

n the quality of text disclosure, but it inevitably contains var-
ous useless numbers, such as omitting dates, section numbers,
tc. HardInfoMix stands for the percent of valuable numbers in
he text, such as the price, tax, product quantity, etc. Valuable
umbers can play an important role in investors’ decisions, which
resent the status of the business and affect the IPO underpricing
Dyer et al., 2017).

The following numbers will not be within our count: (1) 4-
igit number without commas (such as 2009); (2) the date (such
s 2008.01.01); (3) the citation notes or chapters (such as Note 7,
tem 9, Section 2) (see Table 1).

5 Redundancy
Redundancy is defined as the proportion of invalid words in

he disclosures. The redundant words stand for the words that are
epeated verbatim in other portions of the text. And redundancy
s the percent of redundant words in a text. It reflects the amount
f useful information in the registration statement.
Excessive redundancy will often lead to a decline in read-

bility, and it can change with the purpose of the registration
tatement (Cazier and Pfeiffer, 2017). Redundant disclosure can
3

be linked to the purpose of writing the text. For example, giving
redundant information in the corresponding part will hide certain
risk information. Thus, investors’ choices will be influenced as a
result, eventually affecting the IPO underpricing.

6 Specificity
Specificity, as the percent of specific words or phrases con-

veying specific information relevant to the disclosing firm, is
divided by the number of total words. The more entity names,
the stronger credibility of the text, which will attract people to
invest and influence the IPO underpricing (Hope et al., 2016).

For example, the specific name of ‘‘Shanghai Stock Exchange’’
contains more idiosyncratic details than using the general word
of ‘‘institution’’. The category of entity names includes (1) names
of persons, (2) names of locations, (3) names of organizations, (4)
other specific entities, (5) times, and (6) dates.

2.2. Regression model

To study the impact of disclosure characteristics of registra-
tion statements on the IPO success rate, post-IPO performance,
and stock price volatility, we establish the corresponding logistic
regression models. The logistic regression model is a non-linear
probability model. The independent variables do not need to
obey the assumption of normal distribution, and the variables in
the model can be continuous, discrete, or dummy variables. The
dependent variable of the model is a binary variable, which can
only take two values of 0 and 1. The regression model can ensure
that the probability value obtained is meaningful, and it is often
used in fields such as data mining, automatic disease diagnosis,
and economic forecasting.

The logistic regression model in this paper is expressed as
follows:

y = α +

n∑
i=1

βixi

The value of y is discrete (0 or 1), which represents if the
company is successfully listed (1) or not (0) on the STAR Market;
α is the constant term; βi is the coefficient to be estimated; xi is
the explanatory variable, including six characteristics and control
variables.

When studying the link between text characteristics and IPO
success rate, we mainly control two types of variables, IPO-related
characteristics and corporate characteristics. Table 2 present the
following 7 control variables, based on the study of Yang (2013),
Krishnan et al. (2008), and Yuan et al. (2019), and the availability
of data from the database.

3. Empirical results

3.1. Data description

Our initial sample includes 220 listed companies and 64 un-
listed companies from June 13, 2019 to January 31, 2021 in the
STAR Market. The STAR Market was officially launched on June 13,



C. Han, C. Wu and L. Wei Journal of Behavioral and Experimental Finance 37 (2023) 100733

n
i
l
d
t
c

3

s
F
t
w
s
c

p
i
H
0
t
1
(
s
S
1
r
r

o
i
t
d
s

Table 2
The description of control variables.
Notation Description

LnTA The logarithm of the company’s total assets in the year
before the IPO

A Years from company establishment to listing
LEV Leverage ratios
ROA Return on asset
GROWTH Year-on-year main business income growth rates
CR Current ratio
U Whether the underwriter is among the top ten

Table 3
Descriptive statistics of the six text characteristics in successful IPO
companies.
Text
characteristics

Mean Coefficient
of variation

Skewness Kurtosis

Words 229019 0.252 1.03 3.82
Fog Index 18.85 0.057 4.70 42.41
Redundancy 0.9586 0.007 0.09 2.48
HardInfoMix 0.0182 0.193 0.39 5.07
Specificity 0.0046 0.323 4.57 40.98
Boilerplate 0.7690 0.233 −1.08 2.45

2019, so our initial sample includes all companies from the be-
ginning of the board in this period. The data is obtained from the
SSE website and the Wind Economy Database. Companies with
incomplete IPO and financial data were eliminated, and the con-
tinuous variables were reduced by 1% before and after. Through
the above steps, finally we obtained 257 samples, including 193
successful companies and 64 unsuccessful companies.

SSE may conduct several rounds of inquiry about the compa-
ies, and the samples we collected here are all the first-round
nquiry-reply letters. For the registration statement and the reply
etter, we use the 6 text characteristics to measure their textual
isclosure. For the inquiry letter, we use the number of ques-
ions contained in the inquiry letter to measure the disclosure
haracteristic.

.1.1. The registration statements
The registration statement is the most important document

ubmitted by the company when listing in the STAR Market.
or the companies which executed successful IPO, their regis-
ration statements may have something in common. In other
ords, text characteristics may present some common ground to
ome extent. Table 3 gives the descriptive statistics of the text
haracteristics and their distributions are visually shown in Fig. 2.
As can be seen, for the registration statements of the com-

anies which succeed in IPO, the average number of words
s 229,019. And the mean values of Fog Index, Redundancy,
ardInfoMix, Specificity, and Boilerplate are 18.85, 0.9586,
.0182, 0.0046, and 0.7690 respectively. Meadows (1986) found
he Fog Index of national daily newspapers in the UK is about
2 and papers on scientific journals is about 19, and Dyer et al.
2017) also found that Fog Index of form 10-K is 21.34, which
hows that the reading difficulty of registration statements of
TAR market is similar to that of scientific journals but lower than
0-K reports. They also found the average HardInfoMix of 10-K
eports is 0.0187, which is very close to that of the STAR market
egistration statements.

The coefficient of variation (CV) is a standardized measure
f the degree of data dispersion. The actual value of the CV is
ndependent of the unit in which the measurement has been
aken, so it is a dimensionless number. For comparison between
ata sets with different units or widely different means, we
hould use the coefficient of variation instead of the standard
4

Table 4
Descriptive statistics of the six text characteristics in failed IPO companies.
Text
characteristics

Mean Coefficient
of variation

Skewness Kurtosis

Words 203905 0.247 1.60 5.85
Fog Index 18.74 0.046 0.14 3.25
Redundancy 0.9565 0.006 0.54 3.37
HardInfoMix 0.0179 0.222 0.20 3.23
Specificity 0.0045 0.246 4.57 2.52
Boilerplate 0.6314 0.291 0.24 1.21

Table 5
Comparison between listed companies and unlisted companies in the
registration statement.
Text characteristics Mean Coefficient

of variation
Skewness Kurtosis

Words(successful) 229019 0.252 1.03 3.82
Words(failed)
Fog Index(successful)

203905
18.85

0.247
0.057

1.60
4.70

5.85
42.41

Fog Index(failed) 18.74 0.046 0.14 3.25
Redundancy(successful) 0.9586 0.007 0.09 2.48
Redundancy(failed) 0.9565 0.006 0.54 3.37
HardInfoMix(successful) 0.0182 0.193 0.39 5.07
HardInfoMix(failed) 0.0179 0.222 0.20 3.23
Specificity(successful) 0.0046 0.323 4.57 40.98
Specificity(failed) 0.0045 0.246 4.57 2.52
Boilerplate(successful) 0.7690 0.233 −1.08 2.45
Boilerplate(failed) 0.6314 0.291 0.24 1.21

deviation. A larger CV means more dispersed data. We can see
that in the six text characteristics, Specificity (0.323) is the most
dispersed, closely followed by Words (0.252), Boilerplate (0.233),
and HardInfoMix (0.193). The Fog Index degree of dispersion is
low (0.057), and Redundancy is the least dispersed one (only
0.007). In the registration statements of the entire market, the
difference of Specificity is the biggest, closely followed by Words,
Boilerplate, HardInfoMix, and Fog Index, the smallest one is Re-
dundancy.

Similarly, for the companies which failed in IPO, the text
characteristics of the registration statements may also have some
similarities. Table 4 gives the descriptive statistics of the text
characteristics and their distributions are visually shown in Fig. 3.

As can be seen, for the companies which failed in IPO, the
average number of words is 203,905. And the mean values of Fog
Index, Redundancy, HardInfoMix, Specificity, and Boilerplate are
18.74, 0.9565, 0.0179, 0.0045, and 0.6314 respectively.

In the CV, different from the firms which succeed in IPO, Boil-
erplate (0.291) is the most dispersed, closely followed by Words
(0.247), Specificity (0.246), and HardInfoMix (0.222). The Fog
Index degree of dispersion is low (0.046), and Redundancy is the
least dispersed one (only 0.006). In the registration statements of
the firms which failed in IPO, the difference of Boilerplate is the
biggest, closely followed by Words, Specificity, HardInfoMix, and
Fog Index, the smallest one is Redundancy.

Is there any difference in text characteristics between suc-
cessful and failed companies? The comparison between them is
shown in Table 5. We can see that there are relatively large
differences between successful IPO and failed IPO companies in
some text characteristics (such as Words and Boilerplate). But
some text characteristics (especially Specificity) are nearly iden-
tical between successful IPO and failed IPO companies. However,
this conclusion is only a simple observation, more accurate results
need to be determined by regression.

3.1.2. The inquiry letter
The inquiry letter refers to the document issued by SSE in

response to the registration statement, where contains ques-

tions about the problems in the company’s registration statement.
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Fig. 2. The distribution of six characteristics of text disclosure in listed companies.
Fig. 3. The distribution of six characteristics of text disclosure in listed companies.
he samples we collected in the paper are all the first-round
nquiry-reply letters. Since it is written by the regulator, its tex-
ual characteristics are relatively less important. We choose the
umber of questions rather than the text characteristics as our
easure criterion. Table 6 gives the descriptive statistics of the
uestion number for listed and unlisted companies and their
istributions are visually shown in Fig. 4.
As can be seen, the average number of questions of successful

isted companies is 48.3121, while that of failed listed compa-
ies is 51.1818. On the whole, listed companies are asked fewer
uestions than unlisted companies, which is consistent with our
xpected result. If the content disclosed by the company in the
5

Table 6
Comparison between listed companies and unlisted companies in the question
number.
Question Number Mean Standard

deviation
Skewness Kurtosis

Listed companies 48.3121 11.3494 0.615 0.685
Unlisted companies 51.1818 10.1271 0.355 −0.342

registration statement is more reliable and the quality of the
disclosure is better, regulators will raise fewer questions, which
will finally lead to a higher IPO success rate.
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Fig. 4. The distribution of the question number.
Table 7
Descriptive statistics of the six text characteristics of the reply letter in listed
companies.
Text
characteristics

Mean Coefficient
of variation

Skewness Kurtosis

Words 205935 0.304 0.84 1.22
Fog Index 18.48 0.045 0.49 0.58
Redundancy 0.9595 0.008 0.07 1.09
HardInfoMix 0.0042 0.421 2.34 12.12
Specificity 0.0175 0.457 1.96 7.00
Boilerplate 0.6562 0.090 −0.19 −0.47

The standard deviation of the number of questions of success-
ul listed companies is 11.3494, while that of the failed listed
ompanies is 10.1271, indicating that the number of questions of
uccessful companies is more dispersed, which may be due to the
arger number of successful samples.

.1.3. The reply letter
The reply letter is a kind of official document used by com-

anies to respond to the questions in the inquiry letter. Af-
er the regulator’s several rounds of inquiries, it finally decides
hether the company can go public. Table 7 gives the descriptive
tatistics of the text characteristics of listed companies and their
istributions are visually shown in Fig. 5.
As can be seen, for the reply letters of the listed companies, the

verage number of words is 205935, and the mean values of Fog
ndex, Redundancy, HardInfoMix, Specificity, and Boilerplate are
8.48, 0.9595, 0.0042, 0.0175, and 0.6562 respectively. For the CV,
e can see that in the six text characteristics, Specificity (0.457) is
he most dispersed, closely followed by HardInfoMix (0.421) and
ords (0.304). The Boilerplate (0.090) and the Fog Index (0.045)

s relatively low, and Redundancy is the least dispersed one (only
.008).
Similarly, for the companies which failed in IPO, Table 8 gives

he descriptive statistics of the text characteristics and their dis-
ributions are visually shown in Fig. 6.

As can be seen, for the reply letters of the unlisted companies,
he average number of words is 242018, and the mean values of
og Index, Redundancy, HardInfoMix, Specificity, and Boilerplate
re 18.53, 0.9636, 0.0039, 0.0157, and 0.6524 respectively. For the
V, we can see that in the six text characteristics, HardInfoMix
0.322) is the most dispersed, closely followed by Words (0.317)
nd Specificity (0.309). The Boilerplate (0.090) and the Fog Index
0.043) is relatively low, and Redundancy is the least dispersed
ne (only 0.007).
6

Table 8
Descriptive statistics of the six text characteristics of the reply letter in unlisted
companies.
Text
characteristics

Mean Coefficient
of variation

Skewness Kurtosis

Words 242018 0.317 0.66 −0.24
Fog Index 18.53 0.043 0.13 0.49
Redundancy 0.9636 0.007 −0.57 0.09
HardInfoMix 0.0039 0.322 1.70 3.78
Specificity 0.0157 0.309 1.43 3.83
Boilerplate 0.6524 0.090 −0.09 −0.90

Table 9
Comparison between listed companies and unlisted companies in the reply
letter.
Text characteristics Mean Coefficient

of variation
Skewness Kurtosis

Words(successful) 205935 0.304 0.84 1.22
Words(failed) 242018 0.317 0.66 −0.24
Fog Index(successful) 18.48 0.045 0.49 0.58
Fog Index(failed) 18.53 0.043 0.13 0.49
Redundancy(successful) 0.9595 0.008 0.07 1.09
Redundancy(failed) 0.9636 0.007 −0.57 0.09
HardInfoMix(successful) 0.0042 0.421 2.34 12.12
HardInfoMix(failed) 0.0039 0.322 1.70 3.78
Specificity(successful) 0.0175 0.457 1.96 7.00
Specificity(failed) 0.0157 0.309 1.43 3.83
Boilerplate(successful) 0.6562 0.090 −0.19 −0.47
Boilerplate(failed) 0.6524 0.090 −0.09 −0.90

To study the text characteristics of reply letters from listed
companies and unlisted companies, the comparison between
them is shown in Table 9. We can see that the average Words
of the reply letter of listed companies is significantly less than
that of failed companies, and the differences of other text char-
acteristics are relatively small. Similarly, this conclusion is also
only a simple observation, more accurate results still need to be
determined by regression.

3.2. Link between the registration statement and IPO success rate

Next, we will use the binary logistic regression model to study
the relationship. The explained variable, SUCCESS, is a dummy
variable that equals 1 if the company is successfully listed and 0
if the company is rejected. We use LnTA, A, LEV, ROA, GROWTH,
CR, and U as control variables, andWords, Fog Index, Redundancy,
HardInfoMix, Specificity, and Boilerplate in registration statement
texts as explanatory variables.
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Fig. 5. The distribution of six characteristics of the reply letter in listed companies.
Fig. 6. The distribution of six characteristics of the reply letter in unlisted companies.
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We estimate the logistic model in the following equation to
odel the influence of different types of text characteristics on

he probability of IPO success:

UCCESS = α + β1 · Words + β2 · Fog Index + β3 · Redundancy

+β4 · HardInfoMix + β5 · Specificity + β6·

Boilerplate + β7 · LnTA + β8 · A + β9 · LEV + β10 · ROA

+β11 · GROWTH + β12 · CR + β13 · U

here α captures unobserved company-specific effects, ε is the
andom error term, and β ∼ β are the coefficient of the
1 6

7

xplanatory variables while β7 ∼ β13 are the model coefficient
f the control variables.
We first estimate a logistic model of SUCCESS on all control

ariables. Their coefficients are presented in Table 10, columns
2). As can be seen, the control variables have some explanatory
ower, and their coefficients have the expected signs. Among
hem, GROWTH and U are significantly positively associated with
UCCESS, LEV and ROA are significantly negatively associated
ith SUCCESS.
We next estimate a full cross-sectional model by further in-

luding all variables. Their coefficients are presented in Table 10,
olumns (1). As can be seen, Words, Redundancy, Boilerplate
re significantly associated (positively, negatively and positively,
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Table 10
Estimation result of multiple linear regression analysis.
Variable Coefficient (1) Coefficient (control-only) (2)

Words 2.29E−05** (0.028)
Fog Index −0.2972 (0.343)
Redundancy −191.0972** (0.023)
HardInfoMix −75.2550 (0.310)
Specificity 113.8125 (0.544)
Boilerplate 3.8639*** (0.004)

LnTA 0.5243 (0.141) 0.7575*** (0.010)
A 0.0219 (0.681) 0.2304 (0.818)
LEV −8.8407*** (0.000) −9.2000*** (0.000)
ROA −25.8880*** (0.000) −25.564*** (0.000)
GROWTH 1.3898*** (0.000) 1.3336*** (0.000)
CR 4.0607 (0.628) 2.1357 (0.773)
U 1.1055** (0.037) 0.9115* (0.063)
Intercept 183.6058** (0.020) 1.7391 (0.169)

Note. p-values in parentheses.
*Significant at the 10% level.
**Significant at the 5% level.
***Significant at the 1% level.

respectively) with SUCCESS. Coefficients of other variables do not
have significant explanatory power. For the three text character-
istics which have statistically explanatory power, the coefficient
of Words is 2.29 × 10−5. We can find that in the STAR market,
longer registration statement can improve the success rate of

PO, it is consistent with our intuition. A longer registration state-
ent often means more useful information is disclosed, some
f which are necessary for the IPO audit. Similarly, Chircop and
arsalewska (2015) found that the length of the company’s an-
ual report on the efficiency of mergers and acquisitions can
ffect the market response positively.
The coefficient of Redundancy is −191.0972, which means

hat a lower Redundancy can improve the success rate of IPO.
azier and Pfeiffer (2017) pointed out that higher redundant in-
ormation disclosure would lead to less efficient price discovery.
ne possible explanation is that higher Redundancy means the
egistration statement has more repetition parts. Lots of repeti-
ion is ineffective and increases the cost of information discovery,
ringing a negative impact on the approval of IPO audit.
The coefficient of Boilerplate is 3.8639, which means that a

igher Boilerplate can improve the success rate of IPO. Higher
oilerplate means that registration statements use more phrases
hat are widely used in the same industry. The high boilerplate
an be considered that the template language of its declaration is
imilar to that of other companies in the industry, which means
hat the ‘‘standard template’’ is used. This means that for passing
PO audit, it is beneficial to refer to the writing routines and
emplates of successful IPO companies in the same industry. At
he same time, it is noted that Mcclane (2019) believes that
he higher Boilerplate in the application documents will reduce
he time of amendments to the application documents, which is
onducive to the approval of IPO audit.

.3. Link between inquiry-reply letter and IPO success rate

In this experiment, the explained variable is the same as
bove. The difference from the previous experiment is that our
xplanatory variable here has one more Question Number (which
tands for the number of questions in the inquiry letter), and
he six text characteristics are derived from the company’s reply
etter. The meaning of each coefficient is also the same as the
revious experiment. Finally, we get the following logistic model

o study the influence of the inquiry letter and the reply letter on

8

Table 11
Estimation result of multiple linear regression analysis.
Variable Coefficient (1) Coefficient (control-only) (2)

Words 0.0003 (0.218)
Fog Index −0.0551 (0.860)
Redundancy −97.9281 (0.247)
HardInfoMix 97.8860 (0.150)
Specificity 107.3751 (0.694)
Boilerplate 2.7304 (0.624)
Question Number −0.061** (0.033)

LnTA 0.7042** (0.047) 0.6721** (0.025)
A −0.0146 (0.803) −0.0025 (0.818)
LEV −10.5902*** (0.000) −9.7890*** (0.000)
ROA −29.0060*** (0.000) −28.2496*** (0.000)
GROWTH 1.6340*** (0.000) 1.4296*** (0.000)
CR 1.637 (0.844) 1.1775 (0.886)
U −0.959 (0.109) −0.8950* (0.092)
Intercept 95.6521 (0.239) 3.426** (0.021)

Note. p-values in parentheses.
*Significant at the 10% level.
**Significant at the 5% level.
***Significant at the 1% level.

the probability of IPO success:

SUCCESS = α + β1 · Words + β2 · FogIndex + β3 · Redundancy

+β4 · HardInfoMix + β5 · Specificity + β6·

Boilerplate + β7 · Question Amount + β8 · LnTA + β9 · A

+β10 · LEV + β11 · ROA + β12 · GROWTH + β13 · CR + β14 · U

Similarly, we first estimate a logistic model of SUCCESS on
all control variables. Their coefficients are presented in Table 11,
columns (2). As can be seen, the control variables have some
explanatory power, and their coefficients have the expected signs.
Among them, LnTA and GROWTH are significantly positively as-
sociated with SUCCESS, and A, LEV, ROA, and U are significantly
negatively associated with SUCCESS.

Next, we estimate a full cross-sectional model by further in-
cluding all variables. Their coefficients are presented in Table 11,
columns (1). The result shows only Question Number is nega-
tively significantly associated with SUCCESS. Coefficients of other
variables do not have significant explanatory power.

The coefficient of Question Number is −0.061, which means
that a lower Question Number can improve the success rate of
IPO. The more questions regulator raises in the inquiry letter,
the lower the success rate for the company’s listing, which is
consistent with our expected results. If the regulator raises fewer
questions to the company, it means the better quality of the
information disclosed in the company’s registration statement.

All of the six text characteristics have no significant explana-
tory power, which means that the disclosure quality of the reply
letter has little to do with the success rate of listing. One possible
explanation is that the regulator’s attention to the reply letter
focuses on the company’s explanation of the problems, rather
than the text disclosure quality. It only requires the company to
clarify the problem clearly and does not need to make too many
supplements, so the text characteristics of the reply letter will not
be so valuable.

4. Conclusion

To our knowledge, this is the very first attempt to examine the
impact of the main application materials of companies, including
the registration statements, inquiry letters, and reply letters on
their IPOs in the STAR Market. The main contribution of this paper

is to analyze the impact of the three kinds of disclosed text on
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he IPO success rate through the six text characteristics, including
ords, Boilerplate, Fog Index, HardInfoMix, Redundancy, and

pecificity.
In the empirical analysis, we collect the registration state-

ents and the inquiry-reply letters of 220 listed companies and
4 unlisted companies from June 13, 2019 to January 31, 2021 in
he STAR Market. The empirical results show that for registration
tatements, more Words and higher Boilerplate will improve the
uccess rate for listing, but higher Redundancy will lead to the
ailed listing. A longer registration statement often means more
seful information is disclosed, which is necessary for the IPO
udit. Besides, the higher Boilerplate means that the registration
tatement uses more standard template phrases that are widely
sed in the same industry, and this kind of standardized disclo-
ure is conducive to the IPO audit in the STAR Market. However,
higher Redundancy will reduce the success rate of IPO. Lots
f repetition is ineffective and increases the cost of information
iscovery, bringing a negative impact on the approval of IPO
udit.
For the inquiry-reply letter, only the number of questions con-

ained in the inquiry letter is negatively significantly associated
ith the IPO success rate. In the first round of inquiries, if the
ompany is questioned more questions, it shows there are more
roblems in the registration statement disclosed by the company,
hereby the success rate of listing will be lower. As for the
eply letter, all of the six text characteristics have no significant
xplanatory power, which shows that the text characteristics of
he reply letter have no significant impact on the IPO success rate.

Nevertheless, this study has certain limitations. One is that we
o not analyze the impact of disclosure content of the application
aterials on the IPO success rate in China’s STAR market. This
aper mainly focuses on analyzing the textual disclosure charac-
eristics of STAR market application materials. Therefore, in future
esearch, we will further study the impact of disclosure content
ontained in the applications materials on the companies’ listing
uccess rates in STAR market.
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