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Abstract: This paper study underwriter’s competitive behavior in the Japanese IPO
underwriting markets. We use demand estimation techniques to obtain marginal costs, and
empirically compare several models of conduct. We find that differentiated product Bertrand,
partially collusive models are rejected against the perfectly collusive models. We conclude
that spreads in the Japanese IPO underwriting markets are consistent with the collusive

pricing behavior. Underwriters seem to internalize the effect of their spread on their rivals.
1. Introduction

The existence of collusion in the IPO underwriting market has received increased
attention.? Economists are divided on the issue whether the spread of the IPO service is
determined by collusive pricing behavior.* The literature is less conclusive. Chen and
Ritter (2000) present the facts that IPO underwriting spreads in the U.S. with proceeds
greater than 30 million dollars above competitive levels. They argue that IPO
underwriting spreads in the U.S. cluster at 7%, and that this serves as evidence for
implicit collusion. Using 30 years of U.S. IPO data, Lyandres, Fu and Li (2018) also find
that the empirical results largely support the implicit collusion. On the other hand,

Hansen (2001) supports the view that cluster IPO spread is the result of increased

! Email: caiyue02@gmail.com.

2 For example, “The failure of underwriting fees to adjust after the crisis raises important questions about
the competitive structure of investment banking and regulatory toward is,” (“OECD criticizes high fees and
tacit collusion in IPO underwriting.” Financial Times, 31 May. 2017). “The UK financial watchdog has used
its powers for the first time to find three investment groups guilty of breaching competition law, imposing
414,900 at the end of an three-year investigation into price collusion in the initial public offering market”
(“Regulator fines two asset managers over IPO price collusion.” Financial Times, 21 February. 2019).

3 Several theoretical papers have explored the hypothesis of implicit collusion. In a symmetrical underwriter
setting, Chen (2001) dictates that the conditions on the discount factor would support implicit collusion as an
equilibrium. Hatfield, Kominers, Lowery and Barry (2020) propose a repeated extensive form game model to
explain why collusion becomes easier in IPO markets when market concentration decreases. These two
studies provide the theoretical basis for the existence of collusion in the IPO underwriter market. In contrast,
Gordon (2003) proposes a different theory. By considering a model with differentiated underwriters and
heterogeneous issuers, he finds that in equilibrium, underwriters will charge approximately the same spread.

The spreads could be the result of non-cooperative behavior.
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competition along non-price dimensions. Torstila (2003) also argues that clustering
spread patterns are not necessarily collusive. This debate has gained even more
importance because if there is an excessive spread of collusion in the market, there will be
an unnecessarily high social cost.*

To test collusive hypothesis empirically, one must identify the level of competition in
the underwriting market. Several challenges limit existing empirical studies. This
identification confronts a classic problem, as the observed spread reflects both supply-side
and demand-side influences on the spread. When we observe an increase in the spread,
this may be due to the collusion of the underwriters, or it may be due to underwriters
received a correlated shock to marginal cost. Figure 1 illustrates a scatter diagram
relating proceeds and spreads of the Japanese IPO market. We can observe that there is
indeed a certain clustering of spreads between 6% and 8% bands, which is consistent with
the collusive hypothesis. But on the other hand, we can also observe the existence of
significant economies of scale. The bigger the proceed, the lower the spread. Without
additional restrictions, it is difficult to decide whether collusion is taking place just by
looking at data on spreads and proceeds. Testing for the nature of competition requires a
structural approach, in line with the approach suggested by much of the industrial
organization literature.

This article contributes to this important debate by empirically understand the
nature of underwriter competition in the Japanese IPO underwriter market. It goes
beyond the previous research by using an empirical demand estimation. We draw data
from IPO underwriting markets in Japan, which is characterized by high concentration
and numerous entries of new underwriters. These characteristics may make this industry
an ideal setting of underwriting markets with nearly collusive pricing behavior. We begin
our empirical analysis with a reduced-form regression analysis that uses IPO data from

2002 to 2020 to understand the pricing patterns of the Japanese PO underwriting

* According to Abrahamson, Jenkinson and Jones (2011), as underwriting fees are more expensive in the US
than in Europe, US companies could save an average of $1 billion per year if they could pay the European fees.
The commissioner of the Securities and Exchange Commission Robert J. Jackson, Jr., stated that
entrepreneurs need to pay 7% of what they create to go public and this disguised “IPO tax” may have

discouraged companies from going public.
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markets. The results of the preliminary analysis are not inconclusive. We find a negative
relationship between market concentration and price dispersion, which is consistent with
the hypothesis that collusion narrows price dispersion. On the other hand, we also found
that market concentration and the market share of bank-owned securities firms did not
have an impact on spreads. The reduced-form results cannot decide whether collusion is
taking place.

Next, we introduce a framework of differentiated products to model the demand for
underwriter services. This feature allows a better description of the facts of collusion. We
estimate underwriter-level demand and then use the estimates jointly with pricing
behaviors implied by different models of underwriter conduct to recover marginal cost,
without observing actual costs. This allows me to evaluate which of the candidate models

best fits the data.

The first step is the estimation of demand function. Issuers seeking IPO underwriting
service as choosing from among several underwriters, with each potential investment
bank offering service that are valued differentially by each client issuer. Each issuer
considers how well that attributes of each underwriter’s service match its needs and
chooses the underwriter offering best net value as lead managing underwriter. Client
firms’ choices of underwriter depend on the spreads offered by the underwriters,
underwriter reputation (underwriter asset size, average underpricing) and issuer’s
characteristics (average issuer asset size, average issuer asset leverage and average
secondary share portion). Our analysis treats IPO underwriting services as a
differentiated service, meaning that client firms do not see all IPO underwriting services
as perfect substitutes. If underwriting service is differentiated, all choices of underwriter
should not be driven by fees alone. This feature has been confirmed by several previous
studies. Liu and Ritter (2011) find that issuers care about non-price dimensions of IPO
underwriting such as industry expertise and analyst coverage. Fernando, Gatchev, May
and Megginson (2015) provide evidence of price and service differentiation based on
underwriter reputation. Issuer’s demand is identified from aggregate market shares.

Based on the realities of the Japanese IPO market, we assume that firms first choose



between two broad classifications, the “Big 3” and other investment banks, and then
choose investment banks within each classification. Then, following Berry (1994), the
demand estimates can be obtained from a linear instrumental variable regression of
differences in log aggregate market shares on IPO service characteristics, spreads, and the
log of the within group share. We find that underwriters face downward-sloping demand

curves.

The second step, we test underwriter conduct. Once the demand function is estimated,
it can be used in turn to back out the marginal cost implied by three industry structures:
Bertrand competition, partial collusion and joint profit maximization. We then use the
Rivers and Vuong (2002) test for selecting the model that best fits the data. The results
suggest that the marginal cost implied by the joint profit maximization models best fits
the data. This implies that pricing in the IPO underwriting markets is collusive. We also
found that Bertrand competition fitted the data better in 2002 when the participation
effect of bank competition was stronger, but this effect disappeared afterwards. This is
consistent with Hatfield et al. (2020) that market entry may facilitate collusion in

syndicated markets.

Our approach is based on a credible demand estimate. There are two main issues
that need to be presumed to exist. First, spreads are related to some unobserved factors,
for example, underwriter quality. We use two main methods to combat this problem. The
first method uses the nature of panel data to add underwriter and year fixed effects to the
analysis. The second method uses instrumental variables. Following Berry, Levinsohn,
and Pakes (1995), the instruments are derived from the competition within market.
Oligopolistic competition makes spread as a function of rival characteristics and cost
shifters. Hence, characteristics and cost shifters of rival can be used as valid instruments.
The second issues the feature of logit model is that it imposes the independence of
irrelevant alternatives (“IIA”) property. The IIA property can result in non-realistic
substitution patterns. The “Big 3” Japanese securities firms (Nomura, Daiwa and Nikko)
have a longer history and higher reputation than other firms. Based on this characteristic,

we have introduced the nested structure to address the IIA issue. We assume that the
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issuer could decide whether select the “Big 3” or other securities firms as underwriter,
then within that choose an underwriter. In this case, IIA holds within a nest, but not
across nests.

This paper contributes to the finance literature on an ongoing debate as to whether
IPO spreads are set in a collusive manner. Chen and Ritter (2000) examine several
features of the IPO spread and argue that the spread is above competitive levels.
Abrahamson et al. (2011) and Lyandres et al. (2018) also provide results consistent with
implicit collusion. They show the existence of collusive behavior using a reduced-form
approach. On the other hand, Hansen (2001) provided evidence that was inconsistent
with collusion. He argues that underwriters compete based on reputation. Ljungqvist,
Jenkinson, and Wilhelm (2003) also provide relevant evidence that higher spreads for
non-U.S. TPOs are largely due to its long-standing low-cost fixed-spread method.
Previous literature has relied on the approach regressing the IPO spread on variables that
capture underwriter and issuer’s characteristics. The theoretical and regression results
are then compared with each other to determine whether the regression results are
consistent with the collusive hypothesis or the competition hypothesis. The above
approach has provided very important results, but there are certain limitations. Our
paper’s contribution is to perform a direct econometric test to evaluate a set of candidate
models (Bertrand competition versus collusion) through the discrete choice demand
estimation methods. To the best of our knowledge, this is the first paper that studies the
IPO underwriter competition using demand estimation.

The most similar study to ours is Kang and Lowery (2014). They estimate a model
for the process for setting IPO spreads and find optimal collusion would lead to the
observed clustering on spreads. Our study differs in two main respects. First, our interest
is in testing underwriter conduct, whereas the focus in Kang and Lowery is in estimating
the value of the IPO process. Second, their estimation focuses on the 10%/7% spreads.
Our approach is not based on this assumption and can therefore applied to IPO market in
many other countries where rigid spread is not common.

The remainder of the paper is organized as follows: Section 2 introduces institutional



details. The summary statistics for the data used in the analysis are described in Section
3. Section 4 carries out some preliminary regression analysis of spread setting. Section 5
introduces the model for estimation and summarize our findings from the estimation.

Section 6 concludes.
2. Institutional Details

Stigler (1964) provides a general framework for evaluating the characteristics of the
market that may facilitate a move toward coordination. The logic of this framework is
that, for collusion to be viable, the participants must be able to agree on the terms of
coordination; they must also be able to monitor whether colluding participant complies
with this agreement; there must be a penalty for deviating from the agreement, and the
penalty mechanism must be credible, i.e. enforcement. This section introduces some of
the important institutional details are important for understanding the conditions for
agreement, monitoring and enforcement in the IPO underwriter industry.

2.1. Agreement

Colluders must reach an understanding of the specific dimensions of the coordination.
We must therefore consider whether there are dimensions of coordination that may occur
in the IPO underwriting industry, as well as indications of expected behavior. IPO is
usually underwritten by a syndicate of underwriters. The syndicate is handled by a lead
underwriter. The syndicate makes a commitment in which the underwriters agree to
assume the risk of buying the entire inventory of stock issued in the IPO and sell to the
public at the ITPO price. For its services, the syndicate receives a gross spread, which they
can distribute as agreed. Ellis, Michaely and O’hara (2000) find that underwriter
compensation in IPOs arises mostly from fees charged. Torstila (2001) quotes the
Timothy Main, head of the equity syndicate desk at J.P. Morgan says "For every minute
spent negotiating the gross spread with the client, we probably spend well over 20 times
negotiating the split of the gross spread among various underwriters and co-managers'
(Picker, 1998). Thus, gross spread can be a potential focal point around which
underwriters can coordinate their behavior.

2.2. Monitoring



There is a real possibility that firms can quickly retaliate by making more frequent
price adjustments when one market participant undercuts another. However, oligopoly
theory suggests that such deviations must first be detected by other participants (Ivaldi
et al., 2003). As a result, reliable data on prices and other information about the industry
will make collusion easier.

The spread and other information about IPO will be included in terms and conditions
of the offer in the prospectus published on approval of the listing. Hence, the first
important thing is that in the IPO market participants have relatively easy access to
individual data, and it is easier to identify a deviant underwriter than aggregate data.
There is little time lag between the pricing period and pricing publication period. In 1997
Japan introduced the book-building approach to the IPO process. Under this method, the
spreads charged by the underwriters are available in the amendment filed before the
public date. In this sense, the disclosure of information required during the IPO
application process may facilitate coordination, as they can significantly increase the
amount of information available to competitors.

2.3. Enforcement

In the theory of tacit collusion, enforcement behavior is mainly through the imposition
of credible penalties on deviating firms, or for all participants when deviant firms are
found. A tacit collusion environment is predicted to be stable, if deviating from a
collusive agreement is relatively easy to detect and if credible penalties for cheating exist.
Hatfield, Kominers, Lowery and Barry (2020) argued theoretically that the coercive
penalties of the syndicated industry make collusion easier. When the IPO market is very
concentrated, “grim trigger” remains valid. And when the market is not very
concentrated, underwriters punish a price undercutter by refusing to join an
undercutter’s syndicate. This penalty is effective because in the PO underwriting
underwriter need to work together to spread the risk. The returns of joint working are

higher when market concentration decreases.
3. Data and Descriptive Statistics

3.1. Data



We draw our IPO sample from the Nikkei NEEDS financial data. The database
contains information on 1,342 IPOs between 2002 and 2020. This includes the offer price,
the amount underwritten by each underwriter, the amount of funds raised, the number of
shares to be sold, the number of shares to be newly issued. The financial data of each
company and underwriter were collected and connected from Nikkei NEEDS Financial
Quest. When combined with company financial data, 45 IPOs in the sample had no
specific information and were therefore removed from the sample. The 119 TPOs were
removed when combined with lead underwriter financial data as some underwriters do
not report financial data at a frequency of four and a half periods. Our final sample
consists of 1,178 IPOs by Japanese firms between 2002 and 2020.

3.2. Summary Statistics

Panel A of Table 2 shows summary statistics for IPO information. The average gross
spread associated with employing the investment banking syndicate is 7.33%, which is
comparable to past studies (Chen and Ritter, 2000; Koda and Yamada, 2017). Kutsuna
and Smith (2004) report that this cost was 4.07% prior to 1999, so the 7% average gross
spread is much higher than what Japanese companies would have paid. From Figure 2,
we can also see that the median spread has also been increasing over the sample period,
but the dispersion of spread is decreasing. This trend suggests that the spread has
increased towards a fixed value between 2002 and 2020. Third row of Panel A report
mean underpricing. Particularly high levels of underpricing are observed in our sample
periods, underpricing averages 29.6%. This value is similar to the average of 32.9%
Kutsuna and Smith (2004) reported between 1995 and 1999.

Panel D shows the summary statistics for underwriter-market characteristics. I
compute the market shares over the whole market of new issues at different time periods.
We set each annual quarter as a market. The average HHI ratio using proceeds is 0.133.
As a result of the significant entry of banks, the average HHI is 0.118 in 2002, but it has
increased since 2008, reaching a peak of 0.376 in 2011 as shown in Figure 3. “Guidelines
for the Antimonopoly Act on the Review of Business Combinations” issued by the Japan

Fair Trade Commission stipulates that when the HHI is under 0.25 and the company’s



market share is under 35%, the risk of substantially restricting competition is normally
considered to be small. Hence, the concentration level of 0.376 is relatively high from a
regulatory perspective and is higher than most other financial services.” After 2013,
however, the market concentration declined, falling to a minimum level of 0.041 in 2020.
This tendency contrast with the change in average spread. The average price has been on

an upward trend and reached its highest point level 7.83 in 2020.
4. Preliminary Regression Analysis

Having described several features of the industry that suggest a lack of competition, we
focus in this section on testing multiple theoretical hypothesis for collusion, as suggested
by Ivaldi, Rey, Seabright and Tirole (2003). We provide number of tests for collusive
behavior.

4.1. Market Concentration

When the industry is less concentrated, each underwriter will get less share of the pie
because they must distribute these profits. In the short term, the smaller is an
underwriter’s allocation, the gain from undercutting the collusive price is greater. In the
long term, the cost of deviating is increased precisely because the non-collusive outcome
is more competitive. Collusion is then more difficult with lower concentration. This
intuition is the basis for our first preliminary empirical test, which we use the

Price-Concentration regressions.
We use log spread as our left-hand side variable, p; ; is the spread for underwriting IPO

of firm i. The X;, Vector includes controls for time-varying underwriting factors (i.e.,
underwriter asset, underwriter’s selling, general and administrative expenses, underwriter

financial cost). The X;, vector includes the natural logarithm of total firm assets and

firm’ leverage ratio. X, ; includes controls for IPO factors (i.e., the natural logarithm of

5 According to data published by the Japan Fair Trade Commission, the concentration of e-money and
damage insurance industry in 2013 was 0.241 and 0.24 respectively, compared to 0.376 for IPO underwriting

service. (Link: https://www.jftc.go.jp/soshiki/kyotsukoukai/ruiseki/index.html)
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proceeds, underpricing, and secondary share portion). We include industry-level and
underwriter-level dummies to control for time-invariant unobservable effects. We
estimate the regression using OLS and cluster standard errors at the quarter level. We

then test the hypothesis that market concentration leads to more collusive behavior if

Bini > 0.

The results of estimating (1) are reported in Table 3. In column 2, the coefficient on the
HHI is positive and insignificant. When using spread as the left-hand variable, we also
found positive insignificant coefficients. This result suggesting a positive, statistically

insignificant, relationship between market concentration and spread.

4.2. Market Concentration and Spread Dispersion

Some empirical studies have found that collusive pricing behavior is characterized by
rigid price (Abrantes-Metz, Froeb, Geweke and Taylor, 2006; Vickers and Ziebarth, 2014;
Ciliberto, Watkins and Williams, 2019). The basic theoretical logic put forward by Athey,
Bagwell and Sanchirico (2004), is that collusive firms do not adjust their prices after
privately observed cost shocks. Such price rigidity diminishes the information costs that
colluding firms face to ascertain whether any of the competitors has reduced its prices.
Theory and the results of empirical studies suggest that prices become less variable
during the period of collusion than during periods of relative competition. Since collusion
is easier when the industry is more concentrated, we should be able to observe that
spread dispersion is lower when the industry is more concentrated. In this section, we
discuss the tests for how spreads change, beyond just a change in average spreads.

We use quantile regression to implement our test of spread dispersion. Specifically, we
re-estimate Equation (1) above for 10th and 90th percentiles. If the theoretical effect of
how collusion should affect spread dispersion prevails, an increase in concentration will
increase the lower-percentile spreads than higher-percentile spread, decreasing the overall
degree of spread dispersion.

In columns (1) and (3) of Table 4, the result from quantile regression verify that the
market concentration increases the 10™ percentile spread level by more than the 90™

percentile level. These results suggest a negative relationship between market
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concentration and price dispersion in the IPO industry, lending support to the collusive
behavior theory.
4.3. Competitive Pressure from Banks

The third test focuses on the competitive pressures brought about by the banks. The
1999 abolition of the Financial System Reform Act allows Japanese banks to enter the
equity underwriter market through investment bank subsidiaries. Commercial
bank-affiliated investment banks became the lead underwriters for common stock by May
2000 (Suzuki, 2010). Market shares by bank underwriters increases since 2002 (Koda and
Yamada, 2017). Prior studies have also found that the entry of bank-subsidiary
investment banks can a favorable competitive effect on gross spreads (Gande, Puri and
Saunders, 1999; Takaoka and McKenzie, 2006). And in the underwriting market, banks
can use the private information from firm-bank relationships to differentiate their
services and offer lower spreads (Yasuda, 2007, Koda and Yamada, 2017). Competitive
pressure reduces the potential cost of deviation in terms of foregone future profits,
regardless of the past behavior of the incumbent firm. Underwriters would then be more
tempted to undercut collusion. To test this prediction, we estimate the following

regression:

logp; ; = Ppank shareBank Share + X, + aX; + zX; ; + Industry; + ¢; + ¢, ;; (2)

Left-hand side variable and control variables are same as in Equation 1. Thus, Sy
attempt to measure the competitive effect of bank subsidiaries over times. Bank share is
the bank share (in percentage terms) of proceed. Bank share is the ratio of proceed by all
bank subsidiaries in each market to total market proceed. We also include bank
subsidiaries dummy. Bank is a dummy variable that takes 1 when bank-subsidiary
investment banks and 0 otherwise. Table 5 represents the estimates of Equation (2). The
coefficient on the bank share is negative and insignificant. The overall market share of
bank-owned securities firms did not have any impact on spreads. The coefficient of the
bank dummy which is negative and statistically significant at the 1% level. The results do

suggest that banks offer lower spreads, which is consistent with Koda and Yamada (2017).
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As we found in Test 1, however, we do not find that the market share of banking

securities firms has a substantial effect on the average spread.

5. Empirical Results

5.1. The Demand Estimation

In the preliminary analysis, we did not get clear results. To be able to use data to
decide whether underwriters are competing or colluding, we estimate the demand for ITPO
services. We apply revealed preference demand estimation framework. It is common in
many fields of economics, but not found in the IPO underwriter literature.® Each time
period t=1,...,T, potential issuers i seeking IPO services as choosing from among
several underwriters, each potential underwriter offering different aspects of service that
would be valued by each issuer. As the standard of literature, the value of this issuer is a
function of observed and unobserved characteristics of the issuer and the service offered

by the underwriter.

W, = xj’tﬂ —ap;,+ éj’, + O'C,-’g +( - 0')£l-,j’, = 5j + GCl-,g +( - 0')51',]',: 3)

where 6; is the mean utility depends on p;,. x;, is a vector of observed underwriter

service characteristics of underwriter j. &;, is an unobserved quality measures for
service. Referring to Cardell (1997), the issuer-specific preference is captured by a

common deviation for all underwriters in group g, ¢;,, and a deviation specific to

underwriter j, ;. €;; is assumed to be a mean zero stochastic term with i.i.d. extreme

value Type I distribution.

Following Schroth (2006), we assume that issuers have different needs, thus they
choose a type of underwriters first, and then choose an underwriter. We allow issuer’s

valuations to be correlated within groups. o determines the within-group correlation. If

6 Schroth (2006) estimate the issuer’s demand of underwriting services. Demand estimation had been used in
finance literature such as demand for banks (Dick, 2008; Ho and Ishii, 2011; Egan, Hortagsu, and Matvos,
2017; Crawford, Pavanini and Schivardi, 2018), mortgages (Benetton, 2018), mutual fund (Gavazza, 2011)
and insurance (Koijen and Yogo, 2016). In studies related to financial intermediation in Japan, this

methodology has been applied to loan markets (Uchida and Tsutsui, 2005; Ogura, 2020).
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o — 1, then services within group become more correlated, and hence more substituable
with each other. If ¢ — 0, the grouping of underwriter is less relevant for issuer’s choices,
which can be problematic. When ¢ = 0, the model approaches a logit model. In the logit
model, the heterogeneous preference of the issuers for underwriter are assumed to be
independent of each other, thus limiting the substitutability between underwriters and
excluding the possibility of a higher degree of substitutability among similar
underwriters.” The nested logit model relaxes the assumption of independence of
preferences of issuers, allowing for a positive correlation between issuers’ preferences for

similar underwriters.

Following the Berry (1994), the closed form within-group market shares predicted by

the model §; ,,, =Pr(6;, +06{;, +(1 —0)g;; > 6, +0C ., + (1 —0)e; 4, Vk € g, k # j) and

the total market share of g groups can be written as

0; )
~ Jot k.t
ity = X <m> 2 e <m> @

(1-0)
Skt
<Zkeg exXp (E) > pi=
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(1-0) —
5 , D
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where D, = ¥, exp (:—;) The overall market share §;, is

S
exp(ﬁ)
S: . =8:y,8,,= (6)
Jit Jitlg gt G (1-0)
(Dg)o- Zg/:() Dgl

As Berry (1994) shows, it is possible to aggregate the individual choices and derive the
equation to estimate the nested logit model. The market share of outside services is

7 This can be vicious when we consider the spread changes. For example: Suppose a top investment banks
(e.g. Nomura) has the same market share as another ordinary investment bank. If another top investment
banks (e.g. Nikko) raise the spread, the issuer substituting away from the Nikko will switch equally to the
Nomura and to the ordinary investment bank. This is not a reasonable substitution patterns, because

Nomura and Nikko offer close varieties and ordinary investment bank offers a different service.
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From (6), we can derive
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Taking logs of (9),

In (s—’> =1In <s—g) + 1n(sj|g) =6, —(1- a)ln(sjlg) + 1n(sj|g) =6, + Gln(sj|g) (10)

So So
Setting 6;, = x; ,f — ap;, +¢&;, and substituting in from (10) for §,, gives

Ins;, —Insy, =olns;, , —ap; , +x;,f+&;, (11)

where @, f and o can be estimated with an Instrumental Variables estimator. We use

underwriter-quarter level aggregate proceed to measure the output for each underwriter

q;,- The market share of underwriter j is

J
Sjt = qj’,/(l +r) Z qj
j=1

Our dataset includes only the observations who went public and whose lead underwriter
is identified. Following Ho (2010), we apply a scaling factor r=0.1 captures the
potential market size in addition to the existing issuers. Potential outside opportunities
regarding PO services could be acquisition. IPO and acquisition are two of the most
typical “exit” choice for private firms (Chemmanur, He, He and Nandy, 2016). And the

share of the outside service is

Sos = 1- 2 Sis

j=1
Within-group market share is
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Sj/g,t = qj‘,t/ Z it
keg

Prices p;, are the underwriter-quarter level average spread charged by the underwriter
Jj- &;, is the underwriter-specific unobservable variable. This accounts for the various

aspects of underwriter quality. x;, include underwriter asset size, average issuer asset

size, average issuer asset leverage, average underpricing and average secondary share
portion. We calculate these averages according to the underwriter-year level. Average
underpricing and underwriter asset size reflect the attributes of the services provided by
the underwriter. Larger underwriters are more likely to have more influential analysts.
And those with lower underpricing levels have higher reputations (Binay, Gatchev and
Pirinsky, 2007). Reputation of analyst and overall reputation of underwriter are two
criteria that issuers use in selecting a lead IPO underwriter (Brau and Fawcett, 2006).
Average issuer asset size, average issuer asset leverage and average secondary share
portion are issuer demographics faced by the underwriter j. Size and leverage reflect the
risk of issuer (Ritter and Welch, 2002). Secondary share portion reflects the maturity of

the issuer (Huyghebaert and Hulle, 2006).

5.2.The Nested Structure and Instruments

The main limitation of the nested logit framework is that nests are arbitrary. Our nest
structure assumes issuers chooser their underwriter according to underwriter reputation.
This assumption is consistent with the evidence that underwriter reputation is associated
with greater long run market value for the issuer (Akkus, Cookson and Hortagsu, 2020).
In the Japanese IPO industry, the “big three” securities firms (Nomura, Daiwa and Nikko)
have a higher reputation compared to other securities firms. Nikami (2019) gave a
comprehensive review of the changes in the industrial structure of the Japanese securities
industry over the past 30 years. He found that in 1997, With the exception of trading

profits, only four companies accounted for around 50% of all commissions received.® At

8 Prior to 1997, the four major securities companies included Yamaichi Securities in addition to Nomura,
Daiwa and Nikko. Yamaichi Securities voluntarily closed its doors on 24 November 1997, following an

accounting fraud case.
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the time, the four major securities companies had a near monopoly on the share of lead
managers in capital increases and bond issues. As part of Japan’s 'Big Bang" at the end
of the 1990s, the securities industry changed from a licensed to a registered system, which
lowered the barriers to entry. The “big 3”7 securities still hold a very high market share.
Existing literature on the syndication market uses the relative market share of
underwriters as a proxy for their reputation (Megginson and Weiss, 1991; Sufi, 2007).
The “big 3”7 securities companies are therefore fundamentally different from other
underwriter in terms of reputation. Therefore, I classify underwriters by grouping them
into two groups, namely Big3 and Non-Big3. Big3 includes Nomura, Daiwa and Nikko,
Non-Big3 includes other underwriters. Table 6 represents the annual market share of big
3 big three underwriters, and that of non-big three based on proceed. We can find that
the big three underwriters have always held an absolute market share in terms of proceed.
In 2010, this share reached 97.2%, only in 2009 and 2020 this phenomenon was reversed,
with the share of the non-Big 3 exceeding that of the Big 3.

The use of the nested logit model relaxes the restriction on product substitutability,

but the within-group market share s must be included as an explanatory variable in

Jlg:t

(11). Equilibrium spreads and within-group market share depend on the characteristics of

underwriting service, and therefore p;, and In(s;,,) are correlated with the ¢&; ;. Hence,

we must use instruments to obtain consistent estimator. We consider two approaches to
the selection of IV.

First, Berry, Levinsohn, and Pakes (1995) and Berry (1994) exploit competition within
a market to derive instruments. The intuition follows from the feature of oligopoly pricing.
Underwriter j set spread as a function of characteristics of IPO services provided by
underwriter k # j. For example, Nomura’s spread will depend on how closely
substitutable Daiwa is with the IPO service. At the same time, characteristics of rival
should not affect the issuer’s evaluation of underwriter j’s service. Instruments for the
underwriting spread include the averages of proceeds, SG&A asset ratio and financial
cost asset ratio over the competing underwriter in the same market. Following the same

logic, instruments for the within-nested group market shares include characteristics of
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other underwriters in the same nested group (e.g., the share of spread within the nested
group).

Second, the instrument variables affect spread directly, while being uncorrelated with
underwriter unobservable variable. In addition to the non-spread characteristics of the
other underwriters in the same market, we can also use the cost shifters. Cost shifters
correlated with spread but not with underwriter unobservable variable. Underwriters can
respond to cost shifters by changing spread, but not by changing service. The SG&A
asset ratio and financial cost asset ratio can also be used as instrumental variable. We
lack an objective benchmark to choose exactly which instrumental variables should be
included.

Due to the presence of many potential instrumental variables, we applied Least
Absolute Shrinkage and Selection Operator (LASSO) method in Belloni, Chen,
Chernozhukov and Hansen (2012) to select the optimal parameterization of the
instrument.” We provide LASSO a set of 10 potential instruments. We added five
variables representing the characteristics of rivals (the average of the spread, proceed,
SG&A asset ratio, financial cost asset ratio, underpricing over the competing
underwriters), one variable as an instrumental variable for the within-nested group
market shares (the share of spread within the nested group) and four variables that
directly affect the underwriter’s marginal cost (SG&A asset ratio, financial cost asset
ratio, and the square of these two ratios). The LASSO-chosen instrument is the average
of the spread, proceed over the competing underwriters and the share of spread within
the nested group.
5.3.Results for Demand Estimation

The column (1) of table 7 reports the estimates of (11). We include year-quarter
dummy and fixed effects for the underwriter. The over-identification according to the
Hansen J-statistic (p-value) is 0.262, well above 10%, and it is failing to reject the

assumption that the instrumental variables and the unobservable characteristics of the

9 Paravisini, Rappoport, Schnabl and Wolfenzon (2015); Gilchrist and Sands (2016) also use LASSO to filter
IVs and functional form of IV. We use the pdslasso commands provided by Ahrens, Hansen and Schaffer
(2020).
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underwriter are interrelated. The Cragg-Donald Wald F-statistic for weak identification
test is 11.85, which exceeds the 15% critical threshold value suggested by Stock and Yogo
(2005). These tests show that our hand-selection of IVs are reasonable.

The estimated coefficient of spread is -0.841 and significant at the 5% level. A one
percent increase in spreads would lead to a 0.841 percent decrease in market share. This
implies that underwriter service is price elastic and the demand for an underwriting
service slope downward. The average own-price elasticities are about -3.224. As could be
expected, the average cross-price elasticities are higher for services within the same
subgroup (1.632) than for products of a different subgroup (0.34)." The cross-price

elasticities indicate issuers substitute among underwriters.

The coefficient on In(s ;) is positive and significant at 1% level. This result suggests

Jjlg
that the service provided by the underwriters within-group are closer substitutes than the
service of the other underwriters. Issuer preferences appear to be correlated across the set
of “Big-3” underwriters, on the other hand, and across the set of underwriters other than
“Big-3”. The issuer does treat these two groups differently and that nested strategy is
necessary.

Column (2) shows the additional results with LASSO-selected instruments. The

statistics indicate that we cannot reject the null hypothesis that instruments are valid,

and that IVs are not weak. The results in column 2 show that the main estimated

coefficients, including the spread and In(s;,) are similar to that of column 1.

Jjlg
5.4. Validity of the Supply Models
After having estimated the demand model, our goal is to determine whether our data

reflect a particular model of conduct. We assume that underwriters compete on spreads,
in a differentiated services market. We denote 4;,, represents the degree to which
underwriter j considers underwriter k’s profits when settting spread in market z. Each

Ajk; 1s normalized to lie between 0 and 1, where 0 implies underwriter expect

1 The own-price elasticities are given as ds;/dp; = as,(s; —11—6+&sj/g).The cross-price elasticities are
0s;/0p, = as;(s; + ﬁsk,g),for k # jandk € g,0s,/0p; = as;s,fork # jandk & g.
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competitors to not respond to changes in their spreads, and 1 implies underwriters
collude with each other to act as a joint monopoly. Given the demand, underwriter j

chooses its spread in each market ¢ to maximize following expression

H}f‘x(l’j,t —mcj,)s;, M, + Z s (Prg —mey ) s, M, (12)
J k#j

where mc; is the marginal cost, M is the market size. The first order condition for

underwriter j is derived as follows

ds;, 0Sy 3

St t (pj,t - mcj,t) apj-:, + k;éj /lj,k,t(pk,t - mck,,) P, -

0 (13)

Because we estimated the demand side, the demand functions s;, and full set of demand

slopes can be calculated. Suppose there J underwriters, let £ be a J X J matrix with

9s; : : .
elements Q; = —4;,,- %, we can write a system of (13). Since the system of equations

is linear, so the solution of marginal cost is just
mc=P— QP)'s (14)

where me and s denote the J-vector of marginal costs and demands. When 4;, =1,
the underwriters are interested in maximizing their profit jointly and we can calculate the

marginal cost of collusive marginal cost by (14). When 4;, =0.5, underwriters

coordinate by taking into 50% of the competitors’ profits. When Aix =0, the

underwriter considers own profit-maximization problem. Summary statistics for the
price-cost margin estimates with a nested logit demand model are presented in Table 8.
When the underwriters are fully cooperative, the average price-cost margins estimated
are higher than the price-cost margins that result when underwriters perform
Bertrand-Nash behavior. The results also show that if underwriters coordinate by taking
into 50% of the competitors’ profits, then the average price-cost margin becomes almost

1.35 times as high as when there is no coordination.
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From here, different approaches have been proposed in the literature.!’ Similarly to
Villas-Boas (2007), we conduct two approaches: one “informal” test, and non-nested test
of Rivers and Vuong (2002). “Informal” test pits collusive model and uses the data to
determine if the model can be rejected. Instead, the non-nested test evaluates which of

the two candidate models are more appropriate for the data.
5.5. Informal Test

Following Villas-Boas (2007) and Pakes (2017), we first apply an informal model
specification check. Equation (14) lets us write down:

M = Pjr ~ M 15)

where = Q(p)~'s. We can specify a functional form for mc;, as the sum of the

marginal cost of service and distribution

!’
mc; , = ac; + w;, (16)

where ¢;, are cost-side variables include SG&A asset ratio and financial cost asset ratio,

and ®;, is an unobservable to the econometrician that captures the cost efficiency of an

underwriter. Plug (16) into (15), we obtain:

pja=ac;, + P+, (17)

The markup above cost 71;, in equation (17), can be calculated directly from the deman

estimates. Hence, equation (17) is the regression of spreads on inferred markup. Moreover,
theory implies that this markup has a coefficient of 1, the informal model test evaluates

the null hypothesis that coefficient g is not different from 1. To complete this test, we

11 The literature has estimated firm conduct by parameterizing the firm’s first-order condition to allow for
price taking, and monopoly pricing (Porter, 1983; Ellison, 1994; Graddy, 1995). Like the above literature, it
is possible to directly estimate A. We did not use this approach for the following two reasons. First, this
approach can lead to inconsistent estimates if firms are in a state of efficiency tacit collusion (Corts, 1999;
Puller, 2009). Second, Nevo (1998) demonstrates that identification of conjectural variation parameters in a
differentiated-products industry setting is extremely difficult in practice because it requires a large number of

exogeneous instrument variables.
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first use the demand estimates and equation (14) to construct the collusive markup. Then,

collusion rejected if coefficient of collusive markup is not 1.

Table 9 reports the fit of pricing equilibrium (17). The coefficient of the collusive
markup is 1, indicating that collusive assumption cannot be rejected by the data. The
within R? is 1 which is quite high for a behavioral model. In columns 2, 3 and 4 we use
the markup calculated when underwriters consider 25%, 50% and 75% of the profits of
other underwriters respectively. These coefficients are all significantly not 1, suggesting
that the markup forces under the 25%, 50% and 75% all fit the data worse than the full

collusion case.

5.6. Non-Nested Test

In addition to the informal test, we also take a different approach developed in Rivers
and Vuong (2002) and Bonnet and Dubois (2010). Molnar, Violi and Zhou (2013) and
Sullivan (2020) also applied this test. We can formulate alternative models of conduct h,
estimate the demand system, and obtain estimates of markups under each model h.
Following Bonnet and Dubois (2010), we assume the following specification for marginal

costs
me;, = [exp(ac],)]w;, (18)
From equation (15) and (18), we have
Py =i+ [exp(ane] )] @], (19)

For any two models of conduct A and A’, we run the following nonlinear least squares:

n

. 1 h 2 .1 h r 12
minQ,, :mm—Z(lna)j /)° = min Z[ln(Pjt—ﬂj ;)_ahcj ]
a, @, n 4= : a N ’ ’ ’

Then we use Rivers and Vuong (2002) test for selection among different models of
conduct. The null hypothesis is that the two nonnested model are asymptotically

equivalent when
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Hy: lim (Q}@],) - O} @)} = 0

where QZ(E?I) is expectation of QZ at the pseudo-true values of the parameters of

model h. h is asymptotically better than A’ is the first alternative hypothesis
Hy: lim (02 @!) - 0 @)} < 0

h' is asymptotically better than A is the second alternative hypothesis
Hy: lim (O}@]) — O @)} > 0

The value of test statistic T, is

=V
n

[0l@") - 0h@"))

where QZ(@;I’,) is the Q" at the estimated values of the parameters of model h. Rivers

and Vuong show that T, can be compared with critical values of a N(0,1).

The results are given in Table 10. When we consider the full sample, the collusion
model is the best because the statistic estimates are always negative and significant at the
1% level. This indicates that given the demand, potential spread collusion best fits the
sample. Spreads in the Japanese IPO industry are consistent with collusive pricing
behavior. Rejection of the Bertrand models can be explained by the environment of the

Japanese IPO market makes it easier to sustain collusion.

To further explore whether the results of this change over time, we conducted the
above test separately for each year of data from 2002 to 2020. From Table 10 we can find
that in 2002 the Bertrand price model illustrates the data better than the collusion model.
The test statistics of 5.27 shows that we can reject perfect collusion against the
Nash-Bertrand competition at 1% significant level. Relatively, the collusion model
performs better during 2003 and 2010, 2015, 2016, 2018 and 2019. In 2012, 2013, 2014,
2017 and 2020 although the statistic value is negative, this test value is not significant

therefore we cannot reject the null hypothesis.
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The results for the year 2002 can be explained by the participation of bank-based
securities firms. In 2002, commercial bank entry into the underwriting market has
resulted in decreased spreads, consistent with the result that the IPO underwrite
industry has become more competitive. But this competitive effect disappeared after 2002.
Combining the information in Figure 2, we can see that the trend after 2010 is that the
collusion model usually becomes better at fitting data each time after the market
concentration starts to decline. For example, from 2011 to 2014, the average market
concentration decreased from 0.375 to 0.163 and reached 0.115 in 2015. In 2015 and 2016,
the collusion model became a better fit to the data. This change can be rationalized by
Hatfield et al. (2020). They show that in markets with syndication, when markets are
concentrated, after an underwriter undercuts on spread, all underwriters shift to a
competitive equilibrium that each underwriter earns no profits in subsequent periods.
When markets are not very concentrated, underwriters can punish the undercutting
underwriter by refusing to join its syndicate. Completing the IPO alone is very costly and
therefore the “refusal to join the syndicate” strategy increasing the undercutting
underwriter’s costs of production. Entry and decreasing market concentration can
strength underwriters’ abilities to punish deviator by refusing offers of syndication. This

would weaken the competitive effect.

6. Conclusion

This paper uses a nested logit model to estimate a demand system for Japanese IPO
underwriter markets. We find underwriter face downward-sloping demand curves and the
underwriter markets is far from competitive. Our non-nested test could reject the
Bertrand competitive model against the fully collusive model at a 1% significance level.
Our conclusion is consistent with collusion hypothesis.

Our study also has the following limitations. First, this paper does not directly
estimate the value of the underwriter conduct. Several recent studies have estimated the
contact directly using merger and multi-market contact as instruments (Ciliberto and
Williams, 2014; Miller and Weinberg, 2017). Second, we only tested the competition in

the Japanese IPO market. An international analysis is necessary to fully analyses there is
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collusion in the IPO market.
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Table 1: Variable Definition

Variable

Definition

Spread

Proceed
Underwriter asset
Firm asset

Firm leverage
Firm ROA
Underwriter SG&A

Underwriter FA
Under Pricing

Secondary Share Portion

HHI

Bank

Bank Share

Prices

M_ Isjg

Average firm asset

29

The ratio of the difference between offer price
and issue price to the offer price

The IPO offering amount, million JPY
Total asset of underwriter, million JPY
Total asset of IPO firms, million JPY

Total leverage of IPO firms, million JPY
IPO firm's net income divided by total assets
Selling, general and administrative expense of
underwriter, million JPY

Financial cost of underwriter, million JPY
The difference between the initial value of
the stock and the open price to the open price
Number of shares sold/ (Number of shares
offered + Number of shares sold)

Squaring the market share of each lead
underwriter competing in a market using
proceed and then summing the resulting
numbers

Bank is a dummy variable that takes 1 when
a bank-subsidiary investment banks is the
lead underwriter and 0 otherwise.
Bank-subsidiary investment bank are defined
as Mizuho Securities, Mizuho Investors
Securities, UFJ Tsubasa Securities, SMBC
Friend Securities, Mitsubishi UFJ Securities
Holdings, SMBC Nikko Securities and
Mitsubishi UFJ Morgan Stanley.

Bank share is the ratio of proceed by all bank
subsidiaries in each market to total market
proceed.

Underwriter-quarter level average spread
charged by the underwriter

The logarithm of within-group market share.
We classify underwriters by grouping them
into two groups, namely Big3 and Non-Big3.
Big 3 includes Nomura, Daiwa and Nikko,
Non-Big3 includes other underwriters.

The underwriter-quarter level average IPO

firm asset



Average firm leverage

Average firm underpricing

Underwriter SG&A ratio

Underwriter FA ratio

Average proceed of the

other underwriters

Average SG&A asset ratio of the other
underwriters

Average financial asset ratio of the other
underwriters

The share of spread within the nested group

The underwriter-quarter level average IPO
firm leverage

underwriter-quarter level average IPO firm
underpricing

Underwriter SG&A/ Underwriter Asset
Underwriter FA/ Underwriter Asset
Average proceed of the

other underwriters in the same market
Average SG&A asset ratio of the other
underwriters in the same market

Average financial asset ratio of the other
underwriters in the same market
Within-group market share of spread. We
classify underwriters by grouping them into
two groups, namely Big3 and Non-Big3. Big
3 includes Nomura, Daiwa and Nikko,

Non-Big3 includes other underwriters.
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Table 2: Summary Statistics

Obs. Mean Std. Deyv. Min 10th 90th Max
Panel A: IPO Characteristics
Spread 1,178 7.339 1.033 2.25 6 8 13
Ln (Spread) 1,178 1.981 0.171 0.811 1.792 2.079 2.565
Ln (Proceed) 1,178 6.537 1.260 3318 5.216 8.152 11.695
Under Pricing 1,177 0.329 0.285 -0.750 -0.042 0.684 0916
Secondary Share Portion 1,141 0.449 0.219 0.03 0.130 0.746 0.996
Panel B: Issuer Characteristics
Ln (Asset) 1,163 8.393 1.389 4.382 6.881 10.222 14.640
Ln (Leverage) 1,162 7.533 1.718 0.693 5.553 9.733 14.447
ROA 1,160 0.118 0.118 -0.841 0.022 0.245 0.681
Panel C: Underwriter Characteristics
Ln (Asset) 1,171 15.596 1.481 6.821 12.500 16.499 17.041
Ln (SG&A) 1,159 11.490 1.161 5.969 9.933 12.752 13.116
Ln (FA) 1,159 9.528 1.725 1.099 7.102 11.191 13.085
Panel D: Underwriter-Market Characteristics
HHI 403 0.133 0.070 0.041 0.076 0.201 0.376

Entry Number 403 0.672 1.567 0 0 3 9
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Table 3: Price-Concentration Regressions

(Note) This table presents estimated coefficients of Equations (4.1) in which the dependent
variable is logarithm of spread in column (1) and (2). The dependent variables in column (3)
is spread. The spread is defined as the ratio of the difference between the offer price and the
issue price to the offer price. Underpricing is defined as the ratio of the difference between the
initial value of the stock and the open price to the open price. Secondary Share Portion is
calculated as follows: (Number of shares sold/ (Number of shares offered + Number of shares
sold)). Standard errors (in parentheses) are clustered at year-quarter levels. The symbols *,

** and *** denote significance at the 10%, 5%, and 1% levels, respectively.

1) (2 3)
Ln (Spreads) Ln (Spreads) Spreads
Robust S.E. Robust S.E. Robust S.E.
HHI 0.026 0.079 0.196
(0.070) (0.067) (0.403)
Ln (Proceed) -0.070%** -0.075%** -0.437***
(0.009) (0.009) (0.053)
Ln (Underwriter Asset) 0.054 0.274%* 1.816%*
(0.056) (0.114) (0.701)
Ln (Firm Asset) -0.024** -0.007 -0.061
(0.007) (0.009) (0.052)
Ln (Firm Leverage) -2.24e-08 -3.09¢-07 -1.80e-06
(6.6e-08) (1.95¢-07) (1.06e-06)
Firm ROA -0.015 0.067 0.287
(0.039) (0.040) (0.257)
Ln (Underwriter SG&A) 0.001 0.012 0.032
(0.011) (0.014) (0.094)
Ln (Underwriter FA) 0.022%* 0.013 0.133
(0.008) (0.012) (0.080)
Under Pricing 0.051** 0.047** 0.289**
(0.024) (0.023) (0.141)
Secondary Share Portion -0.006 -0.046* -0.369%*
(0.026) (0.028) (0.162)
Industry Dummy No Yes Yes
Underwriter Dummy No Yes Yes
R-squared 0.450 0.696 0.692
Observations 1,076 1,096 1,096
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Table 4: Quantile Regression Results (Price-Concentration)

(Note) The dependent variable is logarithm of spread. The spread is defined as the ratio of the
difference between the offer price and the issue price to the offer price. Underpricing is defined
as the ratio of the difference between the initial value of the stock and the open price to the
open price. Secondary Share Portion is calculated as follows: (Number of shares sold/
(Number of shares offered + Number of shares sold)). The standard error is calculated by
using the bootstrap (repeat 50 times). The symbols *, ** and *** denote significance at the

10%, 5%, and 1% levels, respectively.

(1) (2) 3)
Ln (Spread) Ln (Spread) Ln (Spread)
Q-0.10 Q-0.50 Q-0.90
HHI 0.167** 0.136%** 0.001
(0.073) (0.035) (0.009)
Other Controls Yes Yes Yes
Industry Yes Yes Yes
Dummy
Underwriter Yes Yes Yes
Dummy
Observations 1,096 1,096 1,096
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Table 5: The Effect of Bank Competitive Pressure

This table presents estimated coefficients of Equations (2) in which the dependent variable is
logarithm of spread in column (1) and (2). The dependent variable is In(spread). The spread
is defined as the ratio of the difference between the offer price and the issue price to the offer
price. Underpricing is defined as the ratio of the difference between the initial value of the
stock and the open price to the open price. Secondary Share Portion is calculated as follows:
(Number of shares sold/ (Number of shares offered + Number of shares sold)). Bank is a
dummy variable that takes 1 when a bank-subsidiary investment banks is the lead
underwriter and 0 otherwise. Banking securities companies are defined as Mizuho Securities,
Mizuho Investors Securities, UFJ Tsubasa Securities, SMBC Friend Securities, Mitsubishi
UFJ Securities Holdings, SMBC Nikko Securities and Mitsubishi UFJ Morgan Stanley.
Standard errors (in parentheses) are clustered at year-quarter levels. The symbols *, ** and

*** denote significance at the 10%, 5%, and 1% levels, respectively.

Ln (Spread)
(€]
Bank -0.132%#*
(0.036)
Bank Share -3.65¢-06
0.000
Other Controls Yes
Industry Dummy Yes
Underwriter Dummy Yes
R-squared 0.694
Observations 1,096
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Table 6: Market share of big three underwriters, and that of non-big three
This table presents the market share of big three underwriters, and that of non-big three. We
classify underwriters by grouping them into two groups, namely Big3 and Non-Big3. Big 3

includes Nomura, Daiwa and Nikko, Non-Big3 includes other underwriters.

Year Top3 Share Non-Top3 Share
@) 2
2002 0.786 0.214
2003 0.826 0.174
2004 0.755 0.245
2005 0.797 0.203
2006 0.756 0.244
2007 0.743 0.257
2008 0.765 0.235
2009 0.409 0.591
2010 0.972 0.028
2011 0.849 0.151
2012 0.901 0.099
2013 0.733 0.267
2014 0.626 0.374
2015 0.868 0.132
2016 0.812 0.188
2017 0.748 0.252
2018 0.793 0.207
2019 0.714 0.286

2020 0.479 0.521
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Table 7: Demand Estimation using the Nested Logit Models

(Note) This table presents the results of estimation using nested logit model (7) and
instrument variable test results. Prices is the underwriter-quarter level average spread
charged by the underwriter. The spread is defined as the ratio of the difference between the
offer price and the issue price to the offer price. M_lsjg is the logarithm of within-group
market share. We classify underwriters by grouping them into two groups, namely Big3 and
Non-Big3. Big 3 includes Nomura, Daiwa and Nikko, Non-Big3 includes other underwriters.
Average firm asset is the underwriter-quarter level average firm asset. Average leverage is the
underwriter-quarter level average firm leverage. Average underpricing is the
underwriter-quarter level average underpricing. Average SSP is the underwriter-quarter level
average secondary share portion. In column (1), instruments for the Prices and M_lsjg
include the average of proceed, the SG&A asset ratio and financial cost asset ratio over the
competing underwriter in the same market and the share of spread within the group. In
column (2), we applied LASSO method to select the instrument. The LASSO-chosen
instrument is the average of spread, proceed over the competing underwriters and the share of
spread within the group. J-statistics presents p-values of the test of overidentifying
restrictions of the instruments under the null of instrument validity. The Cragg-Donald Wald
F-statistic for weak identification. Standard errors (in parentheses) are clustered at
underwriter levels. The symbols *, ** and *** denote significance at the 10%, 5%, and 1%

levels, respectively.

M 2
Prices -0.841** -0.291*
(0.343) (0.154)
M Isjg 0.987%** 0.531%*
(0.145) (0.210)
Ln (Underwriter Asset) -0.071 -0.094
(0.125) (0.118)
Average Firm Asset -0.253** -0.034
(0.096) (0.100)
Average Firm Leverage 4.48e-06** 6.94e-06**
(2.00e-06) (2.46¢-06)
Average Underpricing 0.008 0.613*
(0.341) (0.341)
Average SSP -0.291 -0.970**
(0.346) (0.358)
Underwriter FE Yes Yes
Market FE Yes Yes
R-squared 0.707 0.741
J-statistic (P-value) 0.262 0.142
F-statistic 11.85 13.49
Average Own-Price Elasticities -3.224 -3.424
Average Cross-Price Elasticities (Same Group) 1.632 1.163
Average Cross-Price Elasticities (Different Group) 0.340 0.338
Observations 381 381
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Table 8: Price-Cost Margins

(Note) Price-cost margins = (Prices — Marginal Cost)/ (Prices).

Mean Std. Dev. Min Max

Bertrand 0.031 0.150 0.001 0.594

Partial Collusion 0.042 0.158 0.004 0.645
Collusion 0.577 0.117 0.219 0.920

Table 9: Fit of Pricing Equilibrium

(Note) The table presents the estimated results from Equation (14). Markup are calculated

based on the results of the demand estimation in columns 1 and 2 of Table 4 respectively. The

spread is defined as the ratio of the difference between the offer price and the issue price to the

offer price. Standard errors (in parentheses) are clustered at underwriter levels. The symbols

* % and *** denote significance at the 10%, 5%, and 1% levels, respectively.
Spread Spread Spread Spread
(@) 2) 3) “4)
Underwriter SG&A Ratio 2.16e-08 0.724 0.713 0.677
(8.16e-08) (1.872) (1.873) (1.875)
Underwriter FA Ratio 8.84¢-07 0.246%* 0.246%** 0.248**
(1.09¢-06) (0.112) (0.112) (0.112)
Markup (Collusion) 1.000***
(3.60e-08)
Markup (25% Collusion) 0.471%*
(0.192)
Markup (50% Collusion) 0.499%**
(0.200)
Markup (75% Collusion) 0.604**
(0.230)
Underwriter FE Yes Yes Yes Yes
Market FE Yes Yes Yes Yes
Within R-squared 1.000 0.027 0.028 0.031
HO: fppgrip = 1 (P-value) 0.861 0.000 0.000 0.000
Observations 398 398 398 398
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Table 10: Results of the Rivers and Vuong Test

H2\H1

All Period
Bertrand

Partial Collusion
Collusion

Year = 2002
Bertrand

Partial Collusion
Collusion
Year=2003
Bertrand

Partial Collusion
Collusion
Year=2004
Bertrand

Partial Collusion
Collusion
Year=2005
Bertrand

Partial Collusion
Collusion
Year=2006
Bertrand

Partial Collusion
Collusion
Year=2007
Bertrand

Partial Collusion
Collusion
Year=2008
Bertrand

Partial Collusion
Collusion
Year=2009
Bertrand

Partial Collusion
Collusion
Year=2010
Bertrand

Partial Collusion

Collusion

Bertrand

-1.85
6.13
Bertrand

-0.07
-5.27
Bertrand

0.57
3.46
Bertrand

1.27
4.67
Bertrand

2.75
5.44
Bertrand

-0.45
4.86
Bertrand

0.32
2.99
Bertrand

-0.34
2.06
Bertrand

0.20
3.98
Bertrand

-1.54
2.56
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Partial Collusion

1.85

5.94
Partial Collusion
0.07

-5.26
Partial Collusion
-0.57

3.40
Partial Collusion
-1.27

4.52
Partial Collusion
-2.75

4.33
Partial Collusion
0.45

4.79
Partial Collusion
-0.32

2.90
Partial Collusion
0.34

1.94
Partial Collusion
-0.20

4.23
Partial Collusion

1.54

2.76

Collusion

-6.13
-5.94

Collusion
5.27
5.26

Collusion
-3.46
-3.40

Collusion
-4.67
-4.52

Collusion
-5.44
-4.33

Collusion
-4.86
-4.79

Collusion
-2.99
-2.90

Collusion
-2.06
-1.94

Collusion
-3.98
-4.23

Collusion
-2.56
-2.76



Year=2011
Bertrand

Partial Collusion
Collusion
Year=2012
Bertrand

Partial Collusion
Collusion
Year=2013
Bertrand

Partial Collusion
Collusion
Year=2014
Bertrand

Partial Collusion
Collusion
Year=2015
Bertrand

Partial Collusion
Collusion
Year=2016
Bertrand

Partial Collusion
Collusion
Year=2017
Bertrand

Partial Collusion
Collusion
Year=2018
Bertrand

Partial Collusion
Collusion
Year=2019
Bertrand

Partial Collusion
Collusion
Year=2020
Bertrand

Partial Collusion
Collusion

Bertrand

-0.84
1.37
Bertrand

0.05
1.72
Bertrand

-0.70
1.59
Bertrand

-0.77
1.39
Bertrand

-0.02
2.69
Bertrand

-1.63
2.34
Bertrand

-0.49
1.83
Bertrand

-1.01
2.12
Bertrand

-0.80
2.37
Bertrand

-0.39
1.88

Partial Collusion
0.84

1.37
Partial Collusion
-0.05

1.89
Partial Collusion
0.70

1.52
Partial Collusion
0.77

1.37
Partial Collusion
0.02

3.05
Partial Collusion
1.63

2.79
Partial Collusion
0.49

1.78
Partial Collusion
1.01

2.21
Partial Collusion
0.80

1.96
Partial Collusion

0.39

2.07

Collusion
-1.37
-1.37

Collusion
-1.72
-1.89

Collusion
-1.59
-1.52

Collusion
-1.39
-1.37

Collusion
-2.69
-3.05

Collusion
-2.34
-2.79

Collusion
-1.83
-1.78

Collusion
-2.12
-2.21

Collusion
-2.37
-1.96

Collusion
-1.88
-2.07
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Figure 1: Scatter diagram relating proceeds and gross spreads

The sample consists of 1,178 IPOs by Japanese firms between 2002 and 2020. This figure shows the plots of
the proceeds and gross spreads. The spread is defined as the ratio of the difference between the offer price and

the issue price to the offer price.
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Figure 2: Distribution of spreads

This figure depicts the violin plots for IPO spread from 2002 to 2020.
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Figure 3: The average spread and concentration over time
The top and bottom figures show the plots of the average spread and market concentration. The spread is
defined as the ratio of the difference between the offer price and the issue price to the offer price. Market

concentration is calculated from the HHI index based on the proceed.
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Appendix 1

In this section, we provide a brief overview of LASSO method used in our analysis, which
based on Belloni, Chen, Chernozhukov and Hansen (2012). We focus on a simple IV
model.

v = diay + wiay + ¢
d; = D(x;) + v;

y; is the response variable, d; is the endogenous variable, w; is a vector of control

i
variables, and x; = (z;,w!)" is a vector of instrumental variables. The function D is an
unknown function that has to be estimated. Belloni et al. (2012) consider a large list of

instruments,
fii=(f1x), o ()

f; could be f; =x; or consists of a large number of dummies, polynomials, various
interactions with respect to some regressor vector x;. The key assumptions that require

the optimal instrument can be captured by a small number of instruments. D(x;) can be

D(x;) = f{ By + a(x;), \/ Ela(x))*] < GU\/%S =l By lloxn

Optimal instruments would select by solving the OLS problem subject to a penalty
function. Based on this LASSO method, one can obtain estimates of D(x;) of the form

represented by

D(x)=f.f

LASSO method ensures that many elements of f are zero when p is large. The effect of
the penalization reduces the objective function by throwing out the IVs that contribute
little to the fit. LASSO will select a small subset of available instruments

Ai = (ﬁ(xi), LU;)/

This subset can be used to form the IV estimator.
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