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Inthis paper, we explore the influence of hedge fund attributes and irisider(‘;V‘f‘ﬂers’ﬂip on volatility in the excess
stock returns for 707 initial public offerings [é?’}sj ol 0. Our sample period covers the
58 96% i’"m“ the years 2007-2009 even though

subprime mortgage crisis where the number of hedge
the overall size of hedge fund assets feil 38% during these same years. We discover the following when we test
PO volatlity during the month of the [P0, We find an increase in the number ol ‘hedge funds decreases volatility
and this is true for both of our volatility measures: idiosyncratic volatility (JVOL) and systematic volatility
{SVOL). We document that an increase in leve rage and equity hedge strategies intensifies [VOL and to a lesser
degree SVOL. We discover an increase in relative {arbitrage) value and event-driven strategies amplifies SVOL
and to a lesser degree /VOL. We provide evidence that greater hedge fund returns lessens PO volatility,
especially for SVOL. We find greater IPO volatility during the subprime meltdown and also show that greater
assets under management during this period reduce volatility. We find larger insider owriership proportions
after the IPO are associated with higher volatility. Finally, we discover greater declines in insider ownership
due to the IPO are aysociated with lower 1V0L and to a lesser extent with SVOL.

Keywords: Volatility - Initial Public Offerings - Hedge Fund Altributes - Insider Ownership

JEL Classification: G11- G14-G32
L. introduction

in this paper, we study the role of hedge fund attributes and inzider ownership oa velatility in excess stock
refurns using a sample of 707 inttial public offerings (IPOs). In contrast to Hull et al, {(2014) who used data from
1599-2005 covering the dot-com bubble collapse to study « velatility for seasoned equity offerings [SEQs), our IPO
study utilizes date from 2004-2010 encompassing the subprime mortgage failure. While hoth of these mw
periods of study wndergo market turbulence, the 2004-2010 period stands alone in that assets under
management of hedge funds dedlined during the subprime meltdown from December 2007 to june 200%, This
decline contrasts with the dot-com collapse of 2000-2001 where Hull et al. document 3 continugus increase in
hedge fund assets.
Before the decline in assets during the subprime crisis, hedge funds had manifested significant growth
assets. King and Maier {2009) document over a ten-fold increase in b edge fund assets from 1998 through the end
f2007. Our hedge fund data from Hedge Fund Research {HER) database reveals the average hedge fund assets
veached 3 peak during 2007, The decline in assels was the hevmn ng of a dectine jn hedge fund performance.,
Denning {2013} notes the HFRX Global Hedge Fund Index fell 13.6% for the five years after its g}owth peaked
with this fall occurring while equity indices were increasing, Unlike hedge fund assets, the number of hedge funds

did not decline during the subprime mortgage crisis but continued to increase at a similar rate.2

In this study, we focus on the impact of hedge fund attributes and mudcr behavior on [P0 volatility. Hedge
fund managers are market timers buying undervalued securities and shor ting overvalued securities. The
buying of shares by hedge funds increases the demand and thus raises the price of undervalued stocks and,

*Rebert M. Hull, King Endowed Professor of Finance, rob.hull@washburn. edy; Sungkyu Kwak, Professor of Economics,
sunghkyu kwak@washburn.edy; Rosemary Walker, Professor of Economics, rosemary.walker@washburn.edn,

#From Table 3, the annual percentage increases in the number of hedge funds for 2004-2010 can be computed as 221,
20%, 14%, 12%, 21% and 14% and those for hedge fund assets as 17%, 28%, 20%, -19, -37% and 2%, These percentages
can be compared with Hull etal. for 1999-2005 where the annual increases in the number of hedge funds can be computed
as 22%, 25%; 27%, 28%, 25% and 25% aud those for assets as 23%, 18%, 18%, 19%, 21%, and 16%,
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With L} 1é aimve inmind, we regress independent variables on measures of volatili ity for various periods after

the IFO. Independent variables of interest in our regression tests include hedge fund variables such as the
nuwmber of hedge funds, hadge fund assets, various fiedge fund strategies and hedge fund returns, Non- hedge
fund variables of emphasis are inside ownership proportions and the change in these proportions caused by
the IPO. We focus on reporting results for two measures for vo latility: idiosyncratic volatility (IVOL) and
systematic volatility (SYOL). IV0L measures the volatility in the firm- -specific component of the excess return,
SVOL assesses the portion of the volatility inherent in the marlket and outside the firm's control. We alsotested
total volatility (TVOL) that measures the tota Tvolatility in the excess returns during the period tested. However,
we do notreport TVOL results because they mirrer those for V0L, We focus our reporting on periods up to 50
days after the IPO. This is because we use hedge fund data for the month of the offering. Thus, reporting héyond
50 days is seen as less accurate since the ¢ ompc.}]tson of the hedge fund attributes are rore apt to change as
the period after the 1P0 lengthens.* Below we describe our fnds ings,

First, we find the number of hedge funds is associated with lower volatility in the PO market. Second, we
discover an increase in the use of leverage increases /VOL but only somewhat for SVGL, Third, we document
that an increase in thp pr(}pcrtian ofhedge fund managers using relative value, event-drives, and equity hedge

strategies generally r’*aseo both IVOL and SVOL. Fourth, we find that greater positive hedge fund returns are
associated with ies % lity and this is especially true for SVOL. Fifth, during the subprime mortgage crisis,
we find greater volatl l ity compared o years outside this period. We also show that hedge funds with larger
asset under management are associated with less volatility during this crisis. Sixth, we test non-hedge fund
variables with a particular focus on insider ownership where we find that lar ‘gey insider holdings are associated
with greater volatility.

The remainder of the paper is organized as follows. Section twa provides a literature review, while section
three presents cur hypotheses and regréssion model. Section four describes the dataand presents descriptive
statistics. Section five details the empirical resuits and section six affers conclusions.

2. Literature Review

In this section we review five strands of research related to ourstu udy. First, we look at IPO volatility
we review the relation between IVDL and returns. Third, we overview the imfluence of hedge funds on market
volatility. Fourth, we look at the impact of redge fund characteristics on volat tility, Fifth, we consider the role of
hedge fund activism,

First, in vegards to 1PO volatility, Lowry et al, 10} find the monthly volatility of 1PO initial returns is
substantial, fluctnates dramatically over time, and is considerably larger during strong IPO markets, Their
results raise questions about the usefulness of the firm-commitment IPO underw riting process, as the volatility
of the pricing ervors reflected in initial IPO returns can be large. This is particularly true for firms with great
information asymmetry and for IPOs that occur during hot market periods. Bruce and Thilakaratne {20153)
examine the iitial returns volatility of IPOs using the OLS and GARCH models to show that fraud tendency via
underpricing and overpricing accounts for highly volatile returns during the first-day, first-month and first-
year of IPO trading. Bruce and Thilakaratne {2015b) examine the initial returns volatility of 1POs by

#As mentioned in the concluding section, testing longer run periods after IPOs is a task for future reséarch.
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Second, besides the [P0 volatility research, there is a line of research that {ocuses on the r
IVOL and returns in general. Ang et al. (2008) docur :ent thathigh IV0L predicts {ow returns. Similarly, Babeénko
et al. {’?ﬂifs) als0 obtain a pegative relation between V0L and expected stock returns, They state this is a
puzsling empirical finding that seems to be at odds with risk-based ex planations. Garbaravicius and Diedci

2008) suggest hedge fund tading can lessen volati! ity because it levies lengthier redemption horizons on
investors, evades momentum trading, and tends to put capital atrisk in volatile markets thus absor} bing shocks.
Hulletal (2014) explore the potential influence of hedge fund attributes on [VOL in excess s stock returns around
SEOs, They discover that IVOL appears to decrease with greater hedge fund performance except when | hedge
funds are riding the pre-SEO stock price run-up. The downwird shift in JV0L around SE0s ic best explained by
hedge fund attributes.

Third, pertaining to the general research on he edge fund influences on market volatility, there are different
beliefs. Some researchers believe that hedge funds can have 2 a majar influence. For example, King and Maier
{2009} contend hedge fund] Jquidation can indirectly increase markervo olatility as the hedge funds buy aud sell
inlarge volumes. In contrast to this belief, others argue that hedge funds, being a small percentage of the overall
market, may not have a major role in impacting market volatility, To illustrate, Fung and Hsieh {2000) find
mixed results as to whether hedge fund activity had an impact on the stock market crash of 1987, the'Asian
Currency Crisis, and the European bond market rally. While they did not rule out any hedge fund impactin the
post-crisis markets, they conclude that hedge zliﬁd‘; did nat likely cause any initial turmoll in market volatility
during these crises.

Fourth, concerning the role of hedge fund characteristics and vol atility, Garbaravicius and Derich (200%)
argue hedge fund managers can leverage their positions to take full advantage of market inefficiencies and
arbitrage away price differences across the market. This creates the possibility of stable prices. King and Maier
{2009) suggest greater hedge fund assets, as well as more leverage, can exercise a greater impact on volagd lity.
This impact can arguably reduce \mla ility when hedge fund managers take opposite positions on # security
with one fund buying while the otheris selling. Hull etal. (2014) explore the downward trend in /V0L } beginning
1 2000. For thejr SEO sample, they find that the decline in /VOL is refated to the rapid growth of the hedge fund
industry and to a greater use of leverage by hedge fund managers. The downward shift in /VOL around SEO
offering dates is better explained by hedge fund attributes than by non-hedge fund attributes. Their findings
suggest that the rapid increase in the hedge fund industry offers an explanation for the mysterious decline in
{VOL for their period of study. However, where applicable one miust interpret their findings with cautionwhen
applied to the time period of our study and the differences between SEOs and IPOs as well as differerices in the
perinds each study tested.

Fifth, in regards to hedge fund activism, it can be pointed out that this activism was prevalent for most of
our period ef study from 2004-2010. Prior to 2006, the study of hedge fund activism was lar gely non-existent
unti) an active community of researchers brought the activism literature to the mainstrear. Much of this hedge
fund activism research centers on balance sheet outcomes and stock performance {Brav etal, 2008; Bravet al,,
2009; Klein and Zur, 2011; Ang et al, 2011). Activist hedge funds take a more active role in determining the
value of its investments. Most recently, Bessler et al, {2015) document that, on average, hedge funds increased
shareholder value in the short-run and long-run, while Wang and Zaao {2015) find heilge funds enhance firm
value by Increasing the quantity and quality of patents. In this paper, we complement the hedge fund activism
line of research by focusing on activism associated with security offerings by exploring active hedge fund
strategy in relation to [PO volatility after the time of their offer dates. We do this by using regression tests that
include active hedge fund strategies as the independent variables. Thus, this paper falls within the line of
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3.1 Hypothesis

This paper examines th waen [PO volatility and hedge fund and non-h
regards to hedge fund attributes, the research (Henry and Koski, 2010; Hull etal, 2014) finds that hedge funds
influence stock returns and their volatility around security offerings. This finding should extend to 1705 given
their greater information asymumetry that Lowry et al. {2010) discovers leads to greater P{) volatility. This
raises guestions as to what attributes can either increase or decrease 1P0 volatility. Qur hypotheses presented.
iy this section seek to answer such questions by testing hypotheses representing attributes that predict the
direction of the 1PQ volatility. For this paper, as described Section 4.2, volatility i3 meagured by idiosyncratic
volatility (JVOL) and systematic volatility (SYOL). We now overview the atiributes used in formulating our
research hypotheses.

First, we consider hedge fund attvibutes hypothesized to reduce volatility in the IPO market For example,
consider the situation where more and more hedge funds enter the market. For this scenario, hedge fund
managers will be challenged to find innovative approaches and employ diverse trading sirategies to earn
positive returns, King and Mailer {2009) state that hedge funds use aggressive trading strategies designed to
earn positive returns in all market environments such as shoyt sales, leverage, program trading, arbitrage, and
the use of derivatives. As the number of hedge funds increases, there should be more and more hedge fund
managers seeking not only aggressive strategies but also taking opposite positions relative to other managers.
The undertaking of aggressive strategies and opposite positions should be especially true for [POs where there
exists greater information asymmetry and uncertainty causing greater diversity of opinions on what strategy
is best. A by-product of taking opposite positions is that volatility should be reduced hecause equilibrivrg in
prices can be reached more quickly, This curtails, if not prevents, wide swings in prices. Besides the number of
hedge fands reducing volatility, we will also study the possible reduction in volatility related to greater hedge
fund returns and to h funds that hold larger assets during the subprime mortzage crisis:

Second, we inv eo‘l%tc hedge fund attributes predicsted oh increasing volatility in the IP0 market Consider
the situation where hedge fund managers try to take advantage of inefficiently priced [POs. Suppose shares of
[P0 are undervalued and there Is general agreement on this undervaluation among hedge fund managers
involved in trading shares for this IPC. This would lead to hedge fund managers pursuing strategies that
attemipt to buy shares'as opposed to pursuing different strategies based on disagreement on whether the [PQ
is undervalued. Totake full advantage of this undervalued situation, hedge fund manager would employ a tactic
of leverage 1o increase their resources enabling them to purchase underpriced 1POs in large quantities. This
would cause a rapid upward swing in the price leading to greatervolatility. Similarly, if the I?U was overvalued,
they would use leverage to puvsue strategies to short the PO, Gnce again, the end process can be increased
volatility. Because leverage enhancesthe use of strategies (such asrelative value, event-drive and equity hedge),
there would also be a positive relation between the use of these strategies and volatilities.

Third, we consider nen-hedge fund variables with a focus on the role of insider behavior as it influences PO
volatility. We are able to perform a unique analysis of insider attributes from our hand-gathering of insider
data from IPO prospectuses. Not only are we able to test to what extent the proportion of insider ownership
after the 1P0 relates to volatility but we are also able to examine how the change in the proportion of inside
ownership is associated with volatility. One possible reason for this greater volatility [when insiders are
retaining large ownership proportions) is that grester ownership retainment signals greater confidence inthe
future earnings capability of the company. This could cause a flurry of buying with a swift upward swing in
prices and thus greater volatility. However, a more likely reason is that the amount retained sends an
ambiguous signal because those retaining larger amounts can also be lowering their ownership proporiions.
This ambiguity causes more uncertainty and more volatility, Leland and Pyle {1977 state it is not the
proportion itself that signals news but how the proportion is changing. In terms of the change in ownership
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Guyr first hypothesis (H-1} xO‘ﬂ‘"Id:b he possivility that the number of hedge fund can influence volatility

i the [PO market. We hypothesize that the [PO market ¢an become less vcjiatziae due t0 the sheer number of

hedge funds thatallow for a greater variety, diversity and volume of differing positions taken on a stock's price.

Thus, we have:

H-1:  We predict less volatility in 1PO price behavior when the number of hedge funds are larger.

Cur second hypothesis (H-2] looks at the relation between leverage and volatility, Leverage is a tactic used
by hedge funds to increase their resources and thus invest more in Joug or short positions. The ability to use
large resources can cause a greater shock and increase volatility as hedge fund trading strategies can be used
o a greater extent. Hence, we have:

H-2: We predict greater volatility in the IPO market when a greater proportion of hedge funds are

using leverage.

Dur third hypothesis {(H-3) considers the notion that managers Jook to apply a variety of strategies to make
profits especially when Opportunities exist for mispriced IP0s. H-3 can be intertwined with -2 in that leverage
can increase the use of strategies, The Increased use of thege strategies can cause a larger swing in [P0 stock
prices creating greater volatility, Thus, we have:

H-3:  We predict greater volatility in [PO price behavior when a greater proportion of hedge funds are

otflizing relative value, event-drive and equity hedge strategies.

Dur fourth hypothesis (H-4) examines the asscciation between hadge fund returas during the month of the
PO and volatility in the post-offering 1P0 market. Hedge funds are distinguished by their capacity to make
profits in all markets. This means they can take contrarian strategies involving opposite positions that lead to
profits based on their superior skill and knowledge. This alse means their profit-making can lead to 2 quicker
equilibrium being achieved with one end product being reduced volatility. Therefore, we have:

H-4;  We predict less volatility in the IP0 market when hedge funds perform better during the month

{ the [PO.

Our {ifth and sixth hypotheses {H-5 and H-6) considers the subprime mortgage and two aspects. H-5 looks
at the first aspect, which examines if there {5 greater volatility during the subprime mortgage period as crisis
periods are helieved to have more volatility. H-6 centers on the second aspect, which investigates the decline
in hedge fund assets that occur during this period where there were fewer hedge funds that were large in siz

For H-5, we have
H-5 We predict greater volatility in the 1PO market during the subprime morigage crisis.

AR

Suppose those hedge funds that survived {and even grew) during the subprime meltdawn are stronger hedge
funds. These stronger and larger hedge funds could convey more information about the value of the [PG. This
would lower any information asynumetry and thus lower volatility. Thus, we have:

4 As will be seen in Table 1, cur IPO sample is characterized by decveases in insider ownership proportions. Infact, 702
of our 707 1P0s have a decrease in their insider ownership proportion.
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H-7: We pi"es‘hcl greater IPO volatility for higher insider ownership proportions.
Leland and Pyle (1977} demonstrate that decreases in ownership proportions signal negative news. It is the
change in the owneiship proportion as opposed to the proportion itself that is the clearer insider signal As
applied to {POs where little is known, the greater decreases in ownership proportions reveal not only greater
news {albeit negative news) but also resotve the asymimetric information problem inherent in valuing IP0s, It
follows that there would be a positive association since greater decreases in pwhership proportions lead to
greater decreases in volatility. Consequently, we have;

H-8: We predictless IPO volagility for greater decreases in insider ownership proportions.

3.2 Regr 1 Mode

Gur regression model used i testing our h"noﬂusrﬂ borrows largely from the recent volatility research of
Hull et al, {2014) which is inf !uonced by the research of Black [1976), Christie (1982)], Kawawini and Keim
(1895}, Xu and Malkiel {2003) and Clayton et al. (E,GQ %)< Dur model also considers variables used by Hull st al,
(20123 who offer a regression modelthat performs favourably compared 0 other similar studies [Asquith and
Mullins, 1980; Huli and Moellerberndt, 1994; Kahile, 2000; Errunza and Miller, 2003) in explaining stock price
behavior.

Our rhodel is:

VOL = By + 3,
As will be described In Section 4.2, V0L can be represented by three volaglities for a period of choice that for
our study involves periods from the offer date (day 0% up to 50 days later.§ The three volatilities are:
idiosyncratic or finm-specific volatility (JVOL), market or systematic volatility (SVOL), and towa! volatility
{TVOL). HFV and NFV refer vespectively to hedge fund and non-hedge fund variables. All HFVs values are
retrieved during the month of the offering as described in Section 4.1, They are:

a B HFV, + Faen B NHY, +2 013,

el

AUM = Average (or meaxn] asset for hedge funds in HFR {in millions of doliars)
NUM =Number of hedge funds

PUL = Proportion of hedge funds using leverage

FRYV = Proporiion of hedge funds with a relative-value strategy

PED = Proportion of hedge funds with an event-driven strategy

PEH = Proportion of hedge funds withan equity hedge strategy

AHR = Average monthly hedge fund refurn for month of the 1PO

The non-hedge fund variables [NHVs) for regression tests are:

5Qur periods are chosen to represent a variety of periods to trackany change in volaiility and how it might be impacted
by our explanatory variables, As mentioned previously, we use nmonthly hedge fund data for the month of the offering such
that gofng past 50 days poses problems as the hedge fund attributes are more apt to change as the period after the [FQ
lengthens:
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In our regréssion tests, we also use an interaction variable, JAC, composed of b
non-hedge fund variahle:

thoa hedge fund variable and a

A0 = CRIx AUM: measures the effect of the lnteraction between the mortgage crisis and hedge fund assets.

H-1 predicts negative coefficients for the number of hedge funds {NUM}. H-2 hypothesizes the coefficient
for leverage (PUL) will be positive. H-3 suggests positive coefficients for relative value {PRV]}, event-driven
{PED), and equity hedge (PEH) strategies. H-4 predicts the coefficient for aver age hedge fund return (AHR) will
be negative. H-5 predicts a positive coefficient for the crisis period durmmy variable {CR1}. H-6 advocates a
negative coefficienton the interaction term {(JAC). -7 predicts a positive coefficient for the tnsider ownership
proportion after the [PG (ILAY and H-8 suggests the change in the insider own ership brought about the by the

PG (GIL} will-also have a positive coefficient,

White not presented as a formal hypothesis we canoffer general predictions for the five non-hedge fund
variables. We expect positive coefficients for PRI, UND anid FLO 1o the extent a larger number of primary shares
issued, greater underpricing, and surplus ligutdity create more asymmetric information and thus greater
volatility. We predict negative coeffivient for DBET to the extent debt reduction resolves uncertainty than just
stating the proceeds will be used for g nunber of general purpeses. Italso lowers agency costs and thus resolves
uncertainty about the Hrm squandering cash fows. Finally, a negative mefﬁ tent for CLA is expected because
ihe 65 1PUs having multiple shara classes ave firms three times targer than those without miuitiple classes.
Larger IPOs will have less asymmetric information snd thus less volatility,

4. Sample, Daty, Methodology

1.1 Sample and Date

Our initial sample of 1POs was identified from the Investment Dealers’ Digest (1 3T the seven-year period
from January 2004 to December 2010. Limiting our time frame ta these years is one scre ening criterion that
makes our siudy more manageable because of the time-consuming process of hand-gatheriug prospectus data
used for this study. We next screened out all observations that did npt have adequate data supplied by sur
sources. Besides [DD, other major sources are final prospectuses, (ompustat, Capital 10 and the Center for
Hesearch in Security Prices {CRSF).

The [PO process formally starts when the company files with the SEC. The $EC reviews the filing and sends
back exhaustive comments that must be answered in an amendment. This process s typically repeated several
times and ends with a preliminary prospectus and the roadshow to find buyers. The offer price is set in the final
PO prospectus with the IP0 occurring the next business day, Besides the offer price;, major details from the
final prospectus include the number of primary and secondary shares being issued, shares outstanding, issue
costs, purpose of proceeds; and data to compute thé change in proportional share ownership by insiders, The
latter is calculated by subtracting the insider ownership proportion before the offering from the insider
ownership proportion after the offering. This computation typically creates negative values because the

& We use a period where the crisis affected the econemy and the market as this period is deemed the best for our
purposes.
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an eve 3"‘ driven strategy for month 0. This number is divided by the number of hedge funds in HFR for month
0 to give the proportion of al} hedge funds claiming to use the event-driven str ategy for month 0. Thus, for our
707 1PQ snmouncement months, we get 707 PED values. From these values, we can get descriptive statistics
{mean, median and standard deviation for PED uslitg all of these 707 values. Similarly, all other hedpe fund
variables including our hedge fund return variable are derived in this fashion. Thus, our average hedge funri
returi for month § (AHR) is an equal-weighted aver age monthly return,

4.2 Methodology

I this paper, we follow the methodology presented by Hull et al. {2014).% This process involve computing
expected returns as given in Fama and French (2009) that are used as needed when can’zputmg our three
volatility variables: total volatility (TV0OL), idigsyncratic volatility {fV0OL) and systematic volatility {SVOL). The
steps iy eomputing values for these variables are described below when using our IP0 data potten from $RSP,

First, we compute TVOL for sach of the 707.1P0s. Thisis accomplished by using cur daily PO stock réturms

o compute volatility in excess dally stock returns (ER) defined as

ER!;T: Rip— vt

where ER; o 1s the IPO's daily excess veturn for stock i for day 7 Rj s the [P(Q's daily raw veturn for stock J for
day t; and, f‘__f is'the risk-free return for day 7 given by the one-day T-bill. Volatility in excess retirns can he
computed for chosen ¢ periods, TVOL; ¢ 1s the standard deviation of £R; » glven in {2}, Using logarithmic returns

to lessen the mechanical effect from skewness due to lar ge positive refurns, we have

J’"y oo )2

§
TVOL, = f= e @)

S

where ri ¢ is the natural logarithm of (1 + Ry )i 1y is the mean of all ry ¢ values during period t; aud, ngis the
number of non-missing returns during period ¢

Second, we compute [VOL which is the firm-specific component of total volatility. V0L, ¢ is caleulated for
stock i for period tas

iZ?_
=S

jrer (4]

7

where & 1 Is the Fama and French residual for day T and is calculated from the following regression:

7 For this paper’s time period of study, we estimate the HFR database has about 2/3 of all hedge funds, Fung and Hsieh
{2008} describe the potential biases in the commercial databases like HFR, By using the HFR database, this paper avoids
survivorship bias as this data base keeps hedge funds that have ceased to exist. Malkiel and Saha {2005 discuss the biages
in reported hedge fund refurns.

8 Besides our description here, thase volatility variables are also described in the standard voladlity research [Duffee,
1995; Grulloni etal, 2012; Ang etal, 2009),
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average return for day t for growth porifolios; S ‘!«{BT is the average return for day 1 for smali-sized portfolios
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Third, we calculate SVOL which ts the market or systematic component of total volatility. SVOL; ris computed

or stock { for period tas

DRy~ — R, )
SVOL, = »f =

-4

oy
N
)

1,1

where R;, is the mean of all B; ; during pericd ¢ where Ry p s the vaw return for stock i for day v found in

(2).%
4.3 Descriptive Statistics

The descriptive statistics from Hedge Fund Research } are presented in Panel & of Table 1 with ali
statistics computed for the month of the offprmg Mo nh {) ig,e funds average $338 million in assets. When
we average the 707 median hedge fund sizes, we get only $73 million, which signifies that the average hund size
is skewed to the right with lots of small hedge funds. On average, there are 3,663 hedge funds from the HFR
data base. For our sample period, 0.527 of the hedge funds used leverage in their investment portiolio; 0.114
of the hedge funds are operating under a relative-value investment strategy: 0077 are using an event-driven
strategy;-and, 0.347 are usingan equity-hedge strategy. Hedge funds averaged a 1.00% return {equivalent to
an APY of 12.719%). This return is net of fees.

Panel B of Table 1 gives the descriptive statistics for the non-hedge fund vartables used as ind lependent
variables in cur regression tests. The low mean of 0.061 for CRI (which is a dum my variabie used in qur
regression tests) reflects the fact that only 43 of our 707 1P05 ocour during the subprime morigage orisis period
{0.061 = 707 = 43). The average common stock value prior fo the IPQ is $648 million with a much lower median
of $280 million. Insiders owned an average of 0.869 common shares prior to the 1POs and retained an average
of 0.620 shares after the 1P0s. There is an average reduction in insidér ownership proportioss of 0.249 that
results from the IPO. Panel B also reports that 0.861 of the shares offered are primary shares implying that
0.139 is the proportion of secondary shares. The mean underpricing of 0.151 indicates that the affering price
is setaver 15% below its first day {or day 0] closing price. The median of 0.050 is much lower and consistent
with the well-kriown skewness in IPO underpricing, The panel adds that 0.181 of the IP0Os have a primary
purpose to reduce debtwhile 0.092 have more than ons class of common shares, Like the underpricing variable,
the financtal liquidity variable has a mean (0.873} much higher than its median (0.161) indicating its mean is
highly influenced by positive outliers.

“When computing a standard deviation, the standard deviation is computed as

(Statistic—Mearof Statistic ¥ i (n—13 .
In this case, we have the “statistic” = {Raw Return - Fama-French residual) = R—¢ with “mean of statistic’ = R g = /2
since the mean of €is 0. Thus, we have SVOL 25 found in {8). Because we vse the log in {3) for TVIL, the expression of TVOL
= SVOL + IVOL does not hold,
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AU Averags (or mean) asset for hedge funds In HFR (in 34}

AUD Median asset for hedge funds lo BFR (in §14

NUM Mumberof hedge funds

PUL ) '

PRV H value sorategy 3

PED Proportion of hedge rund s using an event-driven strategy . 0.003
FPEH Proportion of hedae fundsusing an P(fLutyﬂ@(ige strategy o 0.004
AHR Hedge fund return for month of [PO  156%
Panel B: Non-Hedge Fund Variables

CRI Crisis Pertpd: i’”siiw i IPO oL w%rium)g December 31, 2007 L(JIth 30,2009 0 th 0000 | 0229
coM ~ 5648 | 5280 $1320
LB 0869 0956 0184
LA ns Ider ownership proportion aher fh,_x . 0649 | 0184
it }uiﬂgL in m<1du proportion: ILA - ILB 0249 50220 0165
PRI 0.861 | 1,000 : 0232
UND 0151 | 0.050 § 0547
DBt T 0181 0000 @ 0385
CLA : ' 0.2
FLZ Financial Hguldity measure: Cash and short-tern : 37

Table 2 presents descriptive statistics for the velatility variables described in the previous section, Panel A
reveals that the mean V0L for periods from day 0 up te day 50 ranges from 0.031 © 0.034 and averages 0.033
for all periods. SVOL is approximately one-third of 7VOL and averages about 0.010 for all periods with little
variationinits range of 0.090 t0 0.110. The total volatility (TVOL) statistics are very similar to the JV0L statistics.
The greatest standard deviations cecur for the shorter periods for JVOL and SVOL. Compared to longer periods,
there is a substantially greater standard deviation for [VOL for the shortest period of days € to 3 where the
standard deviation is 0.037. This compares to 0.016 for days 0 te 50, Thus, & lot more variation in volatility
ocours very shortly after day 0. Finally, Table 2 reveals that the standard deviations for SVDL ave much smalier
than JVOL.

Table 3 gives descriptive statistics by year, These statistics filustrate how hedge fund and volarility variables
change over time or in some cases remain fairly constant. In Panel A of Table 3, we can see that the hedge fund
assets arve highestin 2007 with an average of $428 million just before the subprime mortgage crisis took full
effectin 2008, The number of hedge funds is increasing over time and, unlike hedge fund acsets, doesnot fall
during the crisis period. Also incteasing somewhat over time are: the proportion of hedge funds using leverage
and a relative value strategy, The lowest average return for the hedge funds occurred during 2008
averaging -0.13% momHy or -1.55% annually. The highest occurred the following year at 1.83% monthly or
24.24% annually

Table 2
Descriptive Statistics for Volatility Measures

This table presents means and standard deviations for the volatility measures described in Section 4.2 where (V0L =
idiosyncratic volatility in the excess returns as given by equation {4} for the period in question; SVOL = systematic
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Panel B of Table 3 shows the volatility measures for ecach year. When looking at [V0L, we see a similar
pattern for the various periods where the years 2005 and 2007 have relatively high IVOL values while 2010 is
relatively low. For example, from day 0 to +3, we find that [V0L has a high of 0.041 10 2007 and a low of 0.029
in 2010, Prior to 2007, all the measures of SVOL range from 0.006 to 0.00%, After 2007, the SVOL range increases
from 0.010 to 0.014. Unlike the values for IVOL in year 2010, the lowest values for SVOL do not nerur for this
year but for the year 2005,

5. Empirical Resulis
This section gives our empirical results. In general, we show that most of our hvpothesis cannotbe reiected.
g YT ]

We first report our corvelation findings followed by regression results for both 1VOL and $V0L. We close this
section with a review of the main robust tests that we conducted.

5.1 Correlation Results

Before running the regressions presented in equation (1}, we computed a correlation matrix that is given
in Table 4. The upperright portion of this mawrix presents the Pearson’s correlation coefficients. The lower lef
portion provides Spearman’s rank correlation coefficients. The variables described below suggest the greatest
potential for multicollinearity problems when interpreting regression tests,

First, the crisis period dummy vartable (£R]) and interaction term of JAC [CRF x AUM) have the highest
correlation of LOG for both the Pearson and Spearman tests. However, this high correlation always results for
the correlation between an interaction term and one of its components especially when a small sample size is
inveived. As mentioned eavlier, the crisis period {CRI} has only 43 IPOs. In brief, researchers do not have 1o
worry about muiticellinearity problems for variables with high correlation that are caused by the inclusion of
a product as is the situation for CRI and [AC where JAC includes the product ORI

Second, all HEVs; except hedge fund returns (AHS), are highly correlated. Among the HFVs, the highest
correlation of 0.94 for the Pearson test {0.98 for the Spearman test) is between the proportion of hedge funds
using a relative value strategy for month 0 (PRV) and the number of hedge funds for month 0 (NUM). The high
corvelation is explained by the fact that both are continually increasing as shown previously in Table 3.
Eliminating PRV from the regression equation does not cause significant changes in the coefficients on MM,
which is a variable that involves H-1, However, we can see changes for soirie tests in the coefficients for PRV
when we eliminate UM from the regression equation as it becomes negative, However, we believe this sign
change occurs because of a misspecification problem caused by eliminating NUM from our model. Of
importance, for most of the cases where PRV is significant in the vegression models, eliminating NUM doesn't
cause the PRV coefficients to become negative. Whereas PRV is used in H-3, itis not the sole variable used there
as this hypothesis includes two other strategy variables (PED and PEH),
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2004 200 2006 2007 2008 2009 2010
n=69 n=53 n=152 n=201 n=31 n=61 | n=i40
Pansl A: Hedge Fund Variables »
ALl $356 $428
AUD $78 | $90
woM 3.026 3,457
PUL ' G526 0.527
PRV 0103 . 0111
TpEr 0.075 0,075
PEH ) 0345 0350 0355
AHR ) 1.09% 0.88% -0.13% 183% @ LO5%
Panel B: Volatility Variables
Days 0 10 3 4,035 0.040 0.030 0.041 0.032 | 0029
Days 0o 5 0.035 0037 oo 0.039 0,033 Tooat
Days 010 7 0.034 0.033 0.030 0.038 00372
Vol Days 0 to 10 0.033 : 0029 1 0436 00321 )
Days 0 t0-20 0.034 0.029 £.035 0.031 o029
Days 0 t6 3 0.035 0.029 G036 0.033 031
Days 0 to 50 0.036 0033 0028 0036 0037
Days 0 to3 0.006 2,008 0.010 0,010
Days0ws { 0.007 0.011
o Days 0 ta 7 T0.009 0,007 0.012
o Days 010 10 0.009 0007 0.009 0011
Days 0 to 2D 0.009 00067 6.009 0012
Days 0 to 30 0009 0.007 0.009 0012 0.011
D S , e G067 T AT

In conclusion, while the high correlation coefficients appear to pose a problem, we found that deleting a
highly correlated variable did not generally change coefficient signs for the remaining variables. Furthermore,
omitting highly correlated variables that are significant can cause a biased estimate of the coefficient of the
included variable thatis forced to play a double role. Regardless, caution should be used when interpreting the
results for gur highly correlated variables and we find that PRV is the most problematic to interpret. Finally,
heteroscedasticity is not a coacern since cur regression fests use robust standard errovs corrected for
heteroscedasticity.

5.2 Idiosyncratic Volatility Results

Table 5 presents the idiosyncratic volatility (/V0L) regression results.® The regression results show highly
significant negative coefficients for NUM for all tests. For days 0 to'3, we find a 1% increase in the number of
hedge funds during the month of the offeringhasa 2.27% reduction in [VOL. Whereas this percentage reduction

diminishes for longer periods tested, it picks up and achieves g 1.87% reduction in [VOL forthe longest period
g 1 gesty

O For what follows, the results expressed in term of percent change Come (where zpplicable) from the formula:
[exp(b/100]-1]x 100% where "exp” means exponential function and “b" is the coefficient of interast,
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AUM_NUM _PUL PRV PED PEH AHR (Rl JAC_ ILA  CI PRI UND DBET €L
AUM 003 014; -029 -0.700 0.56, -0.05 014 -0.04 : 010 04

NUH 085 094 048 054 008 012 003, -0.09 0.02 009 0.08
PUL | -006. 083 | 870 011 038 014 0.16 -0.01 -0 -0.020 008 0.06
PRV | 0.06 098 082 0.69. 041 007 0.05 - -0.05,

PED | -0.57 049, 037, 047, 0.04 -0.06 004 0 0,07

PEH | 059 0.66 046 062 007 006 042 O 0.06

AHR 005, 005 011 010, -011 -005 4 0.01
CRI | 009 018/ 023 014 008 036 -0.05 03 05 -0.03 0. 3
iAC | 010, 018 023 014| 008 036 -006. 100 | 003 -004 -005 -003 04
fia 004 0070 003 007 006 002 -002 002 -002 | 045 -0.06 011 005, 009
CIL_| 0061 -004 005 -005 001 -002 -003 -002 -002 028 000 010/ -008 012
PRI | 000 -0100 -013 -010 001 -0.08 -0.04 -0.03 -0.03 -0.04 0.05 | =002 0.06 -0.02
UND | 007 -008 -011 007 -009 -002 009 -008 -0.08 009 01z 022 009 -001
DBT | 007, 009 003 006 000 008 000 00 ) 0.01 - -0.10° 0.04
CLA | 007 009 006 010 003 010 003 -0 09, 013 002 002 0.04,
FLO | 005 -004. -005| -0.01 -0.06. 000, 010] -003 -003 004 005 -6.02 021 024 011

For our leverage variable (PUL), we find our predicted positive coefficients. Furthermore, ali cocfficients
are highly significant, thus offering strong support for H-2. We find that a 1% increase in the proportion of
hedge funds using leverage is associated with increases in V0L that ranges from 14.3% for days 0 to 20 1o as
high as 33.9% for days 0 to 3. The average increase in /VOL for all seven tests is 21.3%.

The three hedge fund strategy variables have their predicted nositive coefficients for all tests. These.
variables also manifest some statistical significance for 12 of the 21 tested and this is particularly true for the
equity hedge strategy (PEH) where all seven tests are significant beyond the 1% level. For days.{ to 3, we fing
2 1% increase in PEH increases [VOL by about 113.4% with the average for all seven periods at 67.1%. The
largest percentage for the relative value strategy (PRV) and the event-drive strategy (PED] are, respectively,
27.5% for days 0 1o 50 and 29.9% for days 0 to 50. A 1% change in all three of these strategy variables cause;
on average, an increase in V0L of 100.7%. Callectively, these results render support for H-3 that asserts the
increase in hedge fund strategies increases 1V0L.

Tabie 5

Idiosyncratic Volatility Results

The regression model found {r Section 2.2 is Ln(JVOL) = Bs + 3, f HFV + 3 §; NHV + £ where the hedge fund variables [HFVs)
and non-hedge fund variables (NHVs) are defined in Table 1. JY0L is idiosyncratic velatility in the excess returns as given
by eguation (4] for the pericd in guestion. Logs are not only used for V0L but slse for AUM and NUM. JAC is an interaction
variable equal to CRF x AUM, All colurmns report results for the robust residuals. The first row for each test gives coefficients
and the second row reports robust standard errors, We indicate significance at the 1%, 5% and 10% levels by #*%, ** and ¥,
respectively, for the one-tailed t test as all coefficients have expected signs.

Days 0to3 Otos Oto7 0to 10 Oto 20 0 to 30 0to 50
AIM 0411 -0.286 -0.337 -0.151 0.046 0.295 0.413%

i3
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[6.090) (6071) ¢+ (0.064) {00563 {0,044}
CLA 0112 -0.042 0,035 -0.085 -0.175%% 27
{0.100) {6.088] (0.079) (0.070) [0.056] (0.051)
FLG 6.021% 0.022% 0,017+ 0.016%* 0.015% 0.01657
) 0,013 : 0.010) (00091 | (0.607)
Constant 2703299 R2ESEHE L17.970%%F 14.200%
(5207) | (4.324)
FStatistic ) VE 11
Adjusted 72 0.140 0,175 0.185 0.203

The negative coefficients for ANE iw Table 5 are consistent with H-4 that predicts greater hedge fundreturns
will lead toless JVOL. However, only for the five longerperivd tests dowe find significant support for H-4. These
results lend general support for the notion that hedge fund profit-making is associated with lower JVGL. On
averdge, a 1% increase in AHR reduces VOL by 88.2%.

Consistent with H-5,- we find positive coefficients for the crisis period dummy variable {{RI) with stz of the
seven tesis significant. This renders support for the notion that crisis periods will have higher IVOL since we
have verified it for the subprime mortgage crisis period. We provide support for H-6 from the negative
coefficients for the interaction term between the subprime mortgage crisis and assets under management (1AC)
with significance for six of the seven coefficients. This indicates that larger hedge funds have lower IVOL during
the subprime crisis even though the period itself has higher volatility. To illustrate for days 0 to 2, we find 2 1%
increase in average hedge fund assets under management during the subprime mortgage crisis is associated
with areduction in V0L of about 1.1 1%. However, this percentage reduction diminishes as the period increases,
For example, for days 0 to 30, we find only a 0.31% fall in JVOL. The average reduction in IVOL is 0.73%. The
latter average is greater than the reduction for the non-crisis period months where the average reduction in
IVOL is miniscule,

Consistent with H-7, we find positive coefficients for the insider ownership proportion after the [P0 (JLA).
These coefficients are all highly significant beyond the 1% level for all tests. These results supportthe argunent
that higher insider ownership proportions can cause greater information asymmetry when insiders are also
lowering their ownership proportions [which is what is happening with aur IPD sample]. This greater
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cing (UND] are significant for four of the seven tests, These
positive coefficients for all tests are consistent with prior IPQ volatility research and supperts the notion that
greater underpricing is associated with more asymmetric information and thus more [VOL. If the purpose of
the offerfng is to reduce debt (DBT = 1), we discover a significant.reduction in /¥0L for all tests. This is
consistent with the belief that reducing debt Iowers agency costs and thus resolves the uncertainty about
squandering cash flows. With uncertainty reduced, V0L is lowered. There is evidence for the three longer
periods tested that IPOs with two classes of shares have lower V0L, The findings for financial liquidity (FLQ)
indicate that firms with greater cash and short-term assets have greater /VGL with all tests being significant.
This is consistent with the notion that high and unused cash Rows create uncertainty as to how these short-
term assets might be used and when they will be used.

5.3 Bystematic Voletility Resulis

The systematic volatility [SVOL) regression results are presented in Table 6. Inn contrast to the JVOL tests in
Table 5, assets under management {AUM] and the event-driven strategy (PED} now manifest greater
significance for the SVGOL tests, This is also true for the non-hedge fund variable for the proportion of primary
shares issued (PRI). Additionally, the leverage (PUL) and equity hedge strategy (PEH) ave significant for fewer
periods in the SVOL tests compared to the IVOL tests, The latter is also true for the change in insider awnership
proportion {71} and underpricing (UND), Thus, we db find some différences in the resulis for the JVOL and
SVOL tests even though similarities dominate: We also computed each change iu volatility when an independent
variable changes by 1% [or 1 anit if applicable] and found that it was pretty even in terms of whether IVOE and
SVOL showed g greater change.

The negative coefficients for NUM support H-1 in that SVOL falls as the number of hedge fund increases. We
can note that the increase in the numberof hedge funds reduces SVOL in a magnitude smaller than that found
for [VOL. For example, when averaging all seven tests, we find 2 1% increase in NUM resuits in a 1.54% decrease
in [VOL butonly a 0.99% decrease in SVOL. The positive coefficients for leverage (PUL) support H-2 as leverage
increases SVOL but the coefficients are only significant for periods up to days 5.

We find suppurt for H-3, especially for the event-driven strategy {(PED)Y where six of the sevens fests are
significant. The vesults for PEH are the weakest as one can notice the wrong sign for the days 0 to 30 and days
0 to 50 test. However, collectively, we can say there is support for the notion that the greater use of the three
strategies by hedge fund managers. collectively increases SVOL. A 1% change in all three of these sirategy
variables causes, on average, an increase in SVOL of 92.6% that is slight below the 100.7% mentioned ahave
for JVOL. Like the IVOL tests, the SVOL tests show support for H-4. However, this supportis now stronger as all
negative coefficients for AHR are significant at the 1% level and bevond. Thus, greater hedge fund returns
during the offering month reduces SVOL. Thus, we have strong support for the premise that market volatility
will decrease when hedge funds achieve greater returns. Of importance, these résults are consistent with the
notion that hedge funds can make profits when the general market is not performing well.

Table s

Systematic Yolatility Results

The regression model is La{SVOL) = fo + 3, § HFV + 3, f; NHY + £ where the volatility variables, the hedge fupd variables
(#1FVs] and non-hedge variables (NHVS) are defined in Table L SVOL is systematic volatility in excess retirns as given
by equation (6) for the pericd in question. Logs are not only used for SVOL but alse used for AUM and NUM. JAC is-an
interaction variable equal to CRI x AUM. All columns report results for the robust residuals. The first row for each test
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We find strong support for H-5 as all coefficients for the dummy crisis variable {CRl) are positive and
significant beyond the 1% level, Similarly, we demonstrate support for H-6 as all coefficients for the interaction
term hetween the subprime dumay and average hedge assets (JAL) are negative and also significant beyond
the 1% level. Thus, there was greater SVOL during the financial crisis period but with less SVOL when hedge
funds have greater assets under management. Finally, iike the JVOL tests, the insider ownership proporton
after the P0G {ILA) was significantly positive for all SVOL tests. This offers strong support for H-7 and is
consistent with the notion that [POs with higher insider ownership are associated with greater SVOL. The
change in ownership proportion variable (CIL] had all of their predicted positive coefficient signs offering
support for H-B. While only three of these signs were significant, three more were significant near the 10%
tevel, Thus, greater decreases in insider ownership proportions are assoclated with less SVOL, albeit not
strongly associated. In terms of the other five non-hedge fund variables, three stand out with all coefficients
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5.4 Robustness and Other Tests

We tested total volatility (TV0L) and Found their regre
discovered that as the proportion of h ed funds using leverage increases by 1% there is an increase in total
velatlity of approximately 10.8% to 23.3% depending on the period tested, The range for the [VOL tests was
higher at14.3% to 33.9%. Additionally we computed the volatility measures for longer periods past 50 days
even though our mdependent monthly hedge fund variables are only for the month of the offering. The results
for these tests change over time because the hedge fund attributes can change from year to year as indicated
in Table 3 where the size and number ofhedge funds changed in dramatic fashions, Two noteworthy exceptions
were the two non-hedge fund variables for tnsider ownership that retained their significance for periods up to
750 days {or about three years after the I1PO).

We tested mutual fund ownership from Capital 1 in our regression analysis. It was not included in our
model because it was generally insignificant and does not change our regression results. We also tested
different time periods for the subprime mortgage cfisis but cur regrassion results were robust for all periods
tested. For example, we tested a period using the schelarly dating of the subprime mortgage crisis from june
2007 thru October 2009 and one using a dating of the subprime mortgage crisis ﬂwai matched the impactofthe
subprime mortgage crisis onthe hedge fund industry of August 2007 to April 2009. Since smaller hiedge funds
can increase their size through the use of leverage, we used an inferaction varmb e yuging leverage and the
number of hedge funds as a substitute for AUM within the interaction variable JAC. This new interaction
variable performed similar to JAC as it was significantly negative mdicating. Thus, when hedge funds have
either greater assets under management or gréater clout through gireater leverage, they can heassociated with
veduced velatiiity during the subprime mortgage crisis,

ion results mirror those for (VGL, To Hustrate, we

&, Conchusions

Our first hypothesis (H-1) states that the increase in the numberof the hedge funds will lead toless volatility
in the IPO market We offered strong evidence to support H-1 for both SVOL and IVOL. Qur second hypothesis
(H-2) predicts that the increased use of leverage will be associated with preater volatility. We found strong
suppert for -2 for [VOL and weaker support for SVOL. Our tests provide support for H-2 for both [V0L and
SVOL as greater use of relative value, event-driven and equity hedge strategies collectively increased volatility.
Our fouwrth hypothesis {H-4) states greater hedge fund veturns will lead to less volatility. H-4'wag supported
especially for SVOL. Our fifth hypothesis (H-5) assert there will be greater volatility during the crisis period. We
found strong support for this assertion, Our sizth hypothesis (H-6) advocates hedge funds with greater assets
under management will be associated with reduced volatility evern though the erisis period itself has higher
volatility. This hypothesis was strongly supported. Our seventh hypothesis (H-7) was supported as higher
insider ownership proportions were related to greater volatility. We attribute the greater velatility to our IPO
sample where those with higher insider ownership proportions were also lowering their swnership
proportions. This sends an unclear message that does not resolve unceriainty about the value of the PO and
thus leads to greater volatility. Finally, our eighth hypothesis {H-8) was supported as greater decreases in
msider ownership proportions were linked to lower volatility, especially for IVOL. We interpret the latter
insider finding as follows. A bigger decline in insider ownership is a clear signal (albeit a negative signal)
lessening information asymmetry about the quality ofthe issuing firm. This decrease in information asymmetry
is reflected in less volatility:

In conclusion, we have documented the important roles played by hedge fund atfributes and insider
ownership when accounting for velatility around 1P0s. With the proper attributes in place, even an event
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crisis periods involved. km‘ e}.’amp}ﬂ can differences in the [PO bubble peried (2080-2001] and subprime
mortgage crisis period (Z008-2009) be the cause? To answer such g ms‘uuns, one would have 1o use a database

covering both the [FQ bub’b‘e and subprime crisis periods. Finally, for this study, we focused on testing periods
up to only 50 days after the IPO. This is because we used hedge fund data for the month of the [PO. While this
data is arguably the most important month to capture volatility, it is stll important to khow the volatility for
longer periods. Future research can tést longer periods by including monthly hedge fund data for more than
just the month of the IPQ {or whatever event other than an [PU is being studied). Research using lenger periods
would cover one year or more and have manthly data for twelve or more months
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