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Abstract
This paper studies how firm-level idiosyncratic risk varies over time and affects both ini-
tial public offering (IPO) and matched non-IPO firms’ long-run performance. It revisits 
the traditional approach to compute the long-run performance by conditioning aftermarket 
performance on idiosyncratic risk with a generalized autoregressive conditional heteroske-
dasticity GARCH-M extension of the standard three-factor Fama and French (3FF) model. 
Our findings show a positive long-run relationship between idiosyncratic risk and expected 
returns for almost all IPOs and matched non-IPO firms. We find that, in general, IPOs do 
not underperform their peers when we adjust long-run abnormal returns for firm-level idi-
osyncratic risk. We also note that the idiosyncratic risk exposure depends on the IPO pro-
file; it is more important for firms going public in hot-issue markets, undervalued IPOs and 
high idiosyncratic-risk issues. Thus, this paper suggests that a part of abnormal returns in 
specific IPOs long-run performance is derived from firm idiosyncratic risk.

Keywords Initial public offerings · Performance measures · Asset pricing · Idiosyncratic 
risk

JEL Classification G10 · G12 · G14

1 Introduction

The pricing of initial public offerings (IPOs) has attracted the attention of researchers in 
finance for decades. The literature identifies three anomalies in the IPO process. The first 
two anomalies observed in the short-run are, namely, the hot-issue market for IPOs (Ritter 
1984) and IPO underpricing (Ritter and Welch 2002). The third anomaly is IPO long-run 
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underperformance (Ritter 1991). Ritter (1991) and Loughran and Ritter (1995) report that 
IPOs underperform the market in the long run when they compare IPO stock returns to 
common market index returns.1 Other empirical studies on IPO long-run performance pre-
sent mixed results. Brav and Gompers (1997) and Gompers and Lerner (2003) do not find 
evidence of long-run IPO underperformance. Barber and Lyon (1997), Kothari and Warner 
(1997), and Gompers and Lerner (2003) document that IPO long-run performance depends 
on the methodology used to measure abnormal returns, which could explain the mixed evi-
dence in the behavior of IPO performance.

We note that traditional approaches (cumulative abnormal returns (CAR) and buy-and-
hold abnormal returns (BHAR)) to compute abnormal returns either do not account for risk 
or are only adjusted for the systematic risk associated with common risk factors (capital 
asset pricing model (CAPM)2 and three-factor model of Fama and French (3FF)3 1993).

Despite the greater uncertainty associated with IPOs due to the absence of any traded 
firm value and the asymmetric information surrounding new issues (Rock 1986), previ-
ous studies (e.g., Ritter 1991; Brav and Gompers 1997) do not consider firm-level uncer-
tainty in the measurement of IPO abnormal returns. Rock (1986), Benveniste and Spindt 
(1989) show that the presence of asymmetric information around new issues increases 
the complexity of the IPO pricing process. One exception is Beaulieu and Mrissa Bouden 
(2015a) who redefine the IPO cycles in terms of initial returns, IPO volume and issuing 
firms risk and show that the decision to go public depends on both market and issuing firm’ 
uncertainties.

In the context of asset pricing models, Campbell and Taksler (2003) use idiosyncratic 
volatility to proxy for information asymmetry between the firm and market participants. 
Shleifer and Vishny (1997) show that stock mispricing depends heavily on the idiosyn-
cratic risk component rather than the systematic one. Xu and Malkiel (2004) emphasize the 
important role of idiosyncratic volatility in explaining cross-sectional returns. In addition, 
they show that the predictive power of idiosyncratic volatility is higher than that of the 
“Beta”. Goyal and Santa-Clara (2003) conclude that idiosyncratic risk is priced by showing 
that it is a better predictor of expected returns than total market variance.

In the context of IPOs, Lowry et al. (2010, p. 435) note that, “both the level and the 
uncertainty regarding individual firm initial returns are related to firm-specific sources of 
information asymmetry.” In the early aftermarket stage, investors do not have sufficient 
information about the new issues, which explains the temporary destabilization in IPO 
activity in terms of returns and volatility.

Given these previous studies, we note that traditional measures of abnormal returns 
do not consider individual firm uncertainty and may include, in part, an anomaly associ-
ated with firm-level risk that could vary over time. Therefore, this study uses an approach 
that considers time-varying idiosyncratic volatility at the issuing firm level. In addition 
to gaining a better appreciation for IPO versus comparable non-IPO performance, this 
paper contributes to the IPO literature by using a generalized autoregressive conditional 

1 Loughran and Ritter (1995) use five common indices as benchmarks: (1) CRSP Amex-NYSE equally-
weighted (EW) index, (2) CRSP Amex-NYSE value-weighted (VW) index, (3) S&P 500 price index (with-
out dividend income), (4) CRSP NASDAQ equally-weighted (EW) index, and (5) CRSP NASDAQ value-
weighted (VW) index.
2 Abnormal returns computed from the CAPM are adjusted for the market risk factor.
3 Abnormal returns computed from the 3FF model are adjusted for market, size, and book-to market risk 
factors.
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heteroskedasticity GARCH-M (in mean) extension of the standard 3FF model to examine 
the relationship between idiosyncratic volatility and returns. Firm-level idiosyncratic vola-
tility is associated with return movements due to new private information.4 In this paper, 
we measure idiosyncratic risk by the conditional volatility of individual firm’s returns5 
from the modified Fama and French model with GARCH-M (in mean) and tie it to specific 
firm risk factors.

The objective of the paper is to determine how firm-level idiosyncratic risk varies over 
time and affects both IPO and matched non-IPO firms’ long-run performance. This paper 
also aims to assess the impact of firm-specific risk on IPO long-run performance control-
ling for some IPO characteristics that are associated with the level of issuing firm’s idi-
osyncratic risk in the early aftermarket stage, IPO maturity, IPO underpricing, industry and 
the period of issuance.

The empirical results show a positive and significant relationship between firm-level idi-
osyncratic risk and IPO returns. Therefore, we find that abnormal returns in IPO long-run 
performance results are explained by firm idiosyncratic risk. Our results also show that 
most IPOs do not underperform their peers when long-run abnormal returns are adjusted 
for firm-level idiosyncratic risk. Furthermore, we note that high levels of underper-
formance are reported for high-idiosyncratic risk IPOs, such as technology issuers and hot 
new issues. Results also show that IPOs exhibit higher levels of idiosyncratic risk than 
matched non-issuing firms, especially in the early aftermarket stage. It is worth noting that 
IPO idiosyncratic risk decreases and approaches that of comparable established firms at the 
end of the third year of IPO trading. Finally, our findings show that the long-run exposure 
to IPO idiosyncratic risk varies according to: (1) risk characteristics of the issues: it is 
important for IPOs with high idiosyncratic volatility during the first quarter of IPO trading, 
(2) pre-IPO valuation (over- or undervalued IPOs with respect to their peers): it is insignifi-
cant for overvalued IPOs which are characterized by a high level of information asymmetry 
between issuers and investors who are then unable to correctly incorporate specific firm 
information into prices, and (3) across periods: it is important during hot markets which 
are characterized by a massive entry of high idiosyncratic risk firms. It vanishes however in 
the crisis period (from the end of 2007 to 2009) that dampens high idiosyncratic-risk firms 
from going public.

The remainder of the paper is organized as follows: The literature review and the 
hypotheses development are presented in Sect.  2. Data and matched firm selection are 
reported in Sect.  3. Section  4 presents the methodology and the empirical results. Sec-
tion 5 discusses the implications for future research, potential investors, and decision mak-
ers. Section 6 concludes.

2  Literature review and hypotheses development

Previous studies, such as Ritter (1991), often measure long-run abnormal returns using 
classic event study methods, including CAR and BHAR, or the method of calendar-time 
portfolios based on Jensen’s (1968) alpha from the CAPM. Abnormal returns measured by 

4 Lowry et  al. (2010, p. 450) note that firm-specific volatility capture "the extent to which firm-specific 
information flows cause stock prices to move in different directions, or to change by different magnitudes".
5 Fu (2009) uses the conditional volatility of individual returns from the exponential GARCH models to 
proxy for the idiosyncratic risk.
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Jensen’s alpha are “risk adjusted”. Authors such as Spiegel and Wang (2005), frequently 
use the three-factor model of Fama and French with added risk factors (size and book-to-
market ratio, among others) to the standard CAPM. Brav and Gompers (1997) note that the 
literature does not provide rational economic motivations for whether these factors [size, 
book-to-market, and momentum (Carhart 1997)] represent an equilibrium compensation 
for risk or an indication of market inefficiency. Therefore, the estimation of long-run abnor-
mal returns continues to be sensitive to model choice as the problem of risk adjustment 
is still not satisfactorily resolved. This fact is underlined further by Kothari and Warner 
(2007) who note that the error in calculating abnormal performance is due to problems in 
adjusting for risk, especially in the long run.

Another important issue for measuring the long run performance of IPOs is the fact that 
the issuing firm does not have a historical record on the stock market. Therefore, the uncer-
tainty associated with its fair value is higher for IPOs than for traded firms. To gauge the 
importance of risk in IPO long-run performance, we conduct a comparative study between 
IPOs and their matched peers in terms of long-run performance and firm-level risk. Previ-
ous studies, such as Ritter (1984) and Chiu (2005), often use total volatility to proxy for 
IPO risk. Hussein and Zhou (2014) use conditional return volatility as a risk measure and 
show that it produces a statistically significant positive effect on IPO initial returns, in addi-
tion to the traditional market, firm- and offer-specific characteristics. Our study isolates 
the risk component tied to the issuing firm specific characteristics given the asymmetric 
information that characterizes the IPO market. Unlike information associated with com-
mon market risk factors that are publicly available, some information about the issuer is not 
fully disclosed during the registration period. Hence, the informational disparity between 
issuers and investors, on the one hand, and informed investors and uninformed investors, 
on the other, is primarily due to lack in accessing specific information about the new issue. 
In this context, Guo (2005) emphasizes the role of the investor information that provides 
useful feedback for managers in the IPO market.

Previous literature shows that there is a relationship between idiosyncratic risk and 
returns. This is important since as discussed previously, idiosyncratic risk is often used to 
measure information asymmetry (Campbell and Taksler (2003). Some empirical studies 
(Lintner 1965; Lehmann 1990; Beaulieu et al. 2005; Fu 2009) find a positive relationship 
between idiosyncratic volatility and returns. These authors argue that investors require a 
high premium for accepting the risk of holding high-idiosyncratic risk stocks. However, 
Arena et al. (2008) and Ang et al. (2006) show a negative relationship. Ang et al. (2006) 
explain the negative pricing of idiosyncratic risk in cross-sections by the fact that high-
idiosyncratic risk stocks are more sensitive to market volatility risk, which lowers their 
returns. Vidal-García et al. (2016) also highlight the important role of the idiosyncratic risk 
factor in determining European fund performance. Hence, they note that more portfolios 
(mainly in Spain and Netherlands) positively load on idiosyncratic risk, while in the UK, 
all portfolios are significantly negative. In the case of IPOs, Beaulieu and Mrissa Bouden 
(2015b) find that firm-level idiosyncratic risk positively affects IPOs initial returns. In this 
paper, we investigate whether IPO-specific risk is important for long-run IPO pricing given 
the high information asymmetry in IPOs in their first 3 years of trading.

Based on the evidence in the literature, we stipulate that traditional measures of long-
run abnormal returns, adjusted only for common risk factors, may include, in part, an 
abnormality associated with firm-level risk that is not necessarily stable over time. Pre-
vious authors (Engle 1982; Bollerslev 1986) account for the variation in the variance of 
returns over time by using the GARCH specification. Thus, we are motivated to revise pre-
vious methods used to compute IPO abnormal returns that assume a constant variance over 
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time. Hence, we are interested in modeling both the level and the variance in IPO long-run 
returns.

Furthermore, this study proposes refining the standard 3FF model by adding a GARCH-
M extension. Our choice of model is motivated by the findings of the previous authors, 
Engle et  al. (1987), who investigate the existence of a relationship between risk and 
expected returns. As a result, a variance term is added to the mean equation of the GARCH 
model to test for the significance of the risk-return relationship. This model jointly charac-
terizes the evolution of the mean and the variance of time series returns. Engle et al. (1987) 
note that the variance of assets changes over time and affects the returns of the asset. 
Hence, the GARCH-M (in mean) model allows for a possible time-varying risk premium. 
Informed investors may require supplementary returns to hold the risky firm, motivating an 
additional risk premium associated with firm-specific risk since the GARCH-M (in mean) 
model is used at the firm level.6 Since we assume that IPO specific risk varies over time as 
the information asymmetry resolves itself over time, we bring this GARCH-M (in mean) 
specification into our IPOs’ long-run returns and risk. We test the following hypotheses:

H0 Firm-level idiosyncratic risk does not affect expected long-run returns; as a result, 
abnormal performance estimates do not include abnormal returns associated with a firm-
idiosyncratic risk premium.

H1 Firm-level idiosyncratic risk significantly affects expected long-run returns; as a result, 
abnormal performance estimates partially include abnormal returns associated with a firm-
idiosyncratic risk premium.

By examining the 3-year returns at the firm level, we focus on how idiosyncratic volatil-
ity risk, which is our proxy for new information about firm-specific risk factors, is incorpo-
rated into equity prices inducing changes in the long-run performance of IPOs versus their 
peers.

3  Data and matched firms selection

3.1  IPO sample and data sources

Our sample consists of U.S. firms that issued ordinary common shares (codes 10 and 11) 
between January 2000 and December 2009. Following Brown and Kapadia (2007), IPOs 
with specific characteristics are excluded from the sample (i.e., units, closed-end funds, 
real estate investment trusts, American depositary receipts, and shares of beneficial inter-
est). On Bloomberg, during this period, the number of ordinary common shares issued 
is 1440. However, our sample only includes IPOs whose returns are available from the 
Center for Research in Security Prices (CRSP) database and whose sales, EBITDA (earn-
ings before interest, taxes, depreciation, and amortization), and EPS (earning per share) 
percentage change are available from the Compustat database industrial files (both active 
and research) during the quarter prior to the offer.

6 We follow Fu (2009) who uses the conditional variance, measured from the exponential GARCH model 
at the firm-level, as a proxy of the idiosyncratic risk.
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After matching our sample with the available information in CRSP and Compustat, our 
final sample includes 571 IPOs. Of these IPOs, 19% went public in 2000, which is defined 
in the literature as a “hot-issue” market. The majority of new issues in 2000 (70%) are 
high-tech firms (Table 1).

3.2  Matching procedure and peer firm selection

Previous authors, such as Brav and Gompers (1997), often identify a control firm based 
on its closest IPO size (proxied by market capitalization) or/and book-to-market ratio. 
Bhojraj and Lee (2002) criticize the selection of control firms based on market value and 
book-to-market ratio due to the bias of the market price effect; it is well-known that IPO 
prices are supported by underwriters’ stabilization practices during the early aftermarket 
stage. In fact, Bhojraj and Lee (2002) suggest that a more accurate technique for selecting 
comparable firms is by isolating the pricing effect of other specific variables of interest to 
the researcher. In this framework, the market price does not necessarily reflect the (unob-
served) intrinsic value of the firm.

Hence, in this study, we follow Bhojraj and Lee (2002) by matching firms in the same 
industry7 based on their fundamentals (net sales,8 EBITDA profit margin,9 EPS percentage 
change,10 and leverage ratio11), instead of market capitalization and book-to-market ratio, 
to avoid the market price effect.

We first consider all active firms on Compustat and research files for the fiscal year 
prior to the IPO year. Only firms that went public over the last 5 years since their IPO and 
issued ordinary common shares are included in our sample. Following Loughran and Ritter 
(2000), these firms are defined as non-issuing firms (non-IPOs) and compose our control 
sample. For this control sample, as well as for our IPO sample, we obtain SIC codes from 
CRSP as of the end of the prior calendar year and we group them into five industries using 
the industry classifications of Kenneth French.12 We use the propensity score match13 
according to the nearest neighbor (greedy) matching method14 to select the appropriate 
peer firm for each IPO based on firm fundamentals (industry, net sales, EBITDA profit 
margin, and EPS percentage change) during the quarter prior to the offer. As in Beaulieu 

7 Firms in the same industry have similar operating risks.
8 Net sales are an ex-ante proxy for size.
9 EBITDA profit margin is a proxy for profitability.
10 EPS percentage change is a proxy for growth perspectives.
11 Leverage ratio is a proxy for capital structure.
12 CNMR includes sustainable and unsustainable consumption, wholesale, retail, and some services (laun-
dries, repair shops). MANUF includes manufacturing, energy, and utilities. HITEC includes business facili-
ties, telephone, and television transmission. HLTH includes healthcare, medical equipment, and medicines. 
OTHER includes mining, construction, transportation, hotels, services, entertainment, and the financial sec-
tor. The industry classification is based on the website of Kenneth R. French (http://mba.tuck.dartm outh.
edu/pages /facul ty/ken.frenc h/).
13 The propensity score matching method is based on the propensity score e(Xi). The propensity score is 
the conditional probability of a non-IPO of being assigned to a particular IPO given a vector of observed 
characteristics  (Xi): e(Xi) = Pr (Zi = 1\Xi). The propensity scores are estimated by a logistic regression. The 
dependent variable is binary: Zi = 1 for treatment (IPO) and Zi = 0 for control (non-IPO).
14 The greedy nearest neighbor (Ho et al. 2011) is a version of an algorithm that selects a treatment group 
and a control group for the closest match. We choose the following options: one-to-one matching (selecting 
one matched non-IPO for each IPO) and sampling with replacement (once a non-IPO has been matched, it 
can be reused in another match).

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/
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1 3

and Mrissa Bouden (2015b), we use three matching procedures to select matched firms: (1) 
Industry/Size/Profitability, (2) Industry/Size/Profitability/Growth, and (3) Industry/Size/
Profitability/Growth/Leverage.

Table 2 shows that the second matching procedure (Industry/Size/Profitability/Growth) 
produces matched firms closest to our IPO sample as it provides the lowest levels of stand-
ardized differences (SD) between the IPO and control firms. Hence, we retain non-IPO 
firms matched according to industry, net sales, EBITDA profit margin, and EPS percentage 
change as the peer firms of our IPO sample.

4  Methodology and empirical results

4.1  IPO versus non‑IPO long‑run performance from the standard three‑factor 
model

We use the following standard three-factor model (3FF) of Fama and French (1993) to 
compare the individual long-run performance of the IPO with respect to its comparable 
non-IPO equity over the event time.

where ( Ri,j − Rf,j ) is the stock excess return for firm i relative to the risk-free rate on event 
day j; the intercept ( �FF

i
 ) measures the individual abnormal return for stock i during the 

first 3-year period of the equity. (Rm,j − Rf,j) ,  SMBj and  HMLj are the market, size and 
book-to-market factors, respectively.

Table 3 shows the mean, the median and the quartiles of the coefficients estimated from 
the standard three-factor (3FF)15 model ( �FF

i
 , �MKTi

 , �SMBi
 and �HMLi

 ) for individual IPO and 
matched non-IPO equities during the first 3 years of IPO trading.

First, results show positive and significant values for the mean and the median of the 
alpha distribution for both IPOs (0.28 and 0.40, respectively) and their peers (0.31 and 
0.41, respectively). We start by analyzing the level of IPO long-run performance relative to 
the market (via the alpha coefficient) and then compare it with that of their matched non-
issuers (via the difference in alpha coefficients between IPOs and their non-IPO peers). On 
the one hand, we note that the positive average values of the alpha coefficients for IPOs 
are not consistent with the previous findings of Loughran and Ritter (1995, p. 45) who 
show that large and small issuers underperform the market by, respectively, 21 and 34 
basis points per month. Moreover, we add that the alpha distribution in our sample exhibits 
a mean lower than the median, indicating a distribution skewed to the left for both type 
of equities (IPOs and non-IPOs). On the other hand, our findings show that IPOs exhibit 
lower average values of the alpha coefficients than those of comparable non-issuing firms. 
This finding is consistent with Loughran and Ritter (1995) who show that large and small 
issuers respectively underperform large and small non-issuers by 24 and 26 basis points per 
month. Our standard three-factor (3FF) regression results also support previous findings 
in the IPO literature (Ritter 1991; Loughran and Ritter 1995) showing that issuing firms 
underperform their peers over the first 3 years of IPO trading. Although our results differ 

(1)Ri,j − Rf,j=�
FF

i
+�MKTi

(Rm,j − Rf,j)+�SMBi
SMBj+�HMLi

HMLj+�i,j

15 We also use the fourth-factor model of Carhart (1997). Results from both models (3FF and Carhart) are 
not significantly different from the one presented in this paper.
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1 3

from the ones documented in the earlier literature in terms of IPOs performance compared 
to the market, they are consistent with them when we document IPOs performance to com-
pare it with matched non IPOs.

Second, Table 3 shows positive and significant values for the mean and the median of 
the �MKTi

 distribution for both IPOs (0.90 and 0.86, respectively) and their peers (0.75 and 
0.72, respectively). We note a positive and significant difference between �IPOi

MKT
 and �non−IPOi

MKT
 

indicating that issuing firms are more sensitive to the market factor than their matched 
peers. This result confirms Loughran and Ritter (1995, p. 46) who note that issuing firms 
exhibit slightly higher betas than non-issuing firms. Similar results are shown for the distri-
bution of Betas associated with the size factor ( �SMBi

 ). However, we note a weak book-to-
market effect. The majority of IPOs (70% and 79% of matched non-IPOs) have a negligible 
�HMLi

 . Results show that unlike non-issuing firms, IPOs exhibit a negative mean for the 
distribution of Betas associated with the book-to-market factor ( �HMLi

 ). This finding could 
be explained by the fact that IPOs may have a lower book-to-market ratio16 relative to the 
one of comparable non-issuing equities, resulting from a possible overvaluation of the IPO 
by the market participants especially during the lock-up period.17

Nevertheless, we recognize that the standard 3FF model only includes systematic risk 
factors and does not account for the possible firm-level risk effect on long-run returns. 
Therefore, the intercept from the standard 3FF is adjusted for systematic risk factors only 
and could contain, in part, a premium associated with firm-level risk. If idiosyncratic risk 
is priced, then the alpha from the standard 3FF model ( �FF

i
 ), even if it is zero for the major-

ity of IPOs, could mask a more important abnormal performance. Therefore, we require a 
more complete measure of abnormal returns adjusted for the premium associated with idi-
osyncratic risk. This leads us to revise the methodology for measuring long-run abnormal 
returns in the following sections.

4.2  Three‑year idiosyncratic risk‑return cross‑section correlation

This section investigates a possible relationship between firm-level idiosyncratic risk and 
long-run aftermarket returns. Following the analysis of Spiegel and Wang (2005), we use 
the variance in the 3FF model residuals during the first 3 years of offering (T = 3 years) to 
compute the realized idiosyncratic variance 

[

RIVT
i
= VAR(�

i,j
) × 104

]

 for firm i.
We expect that the magnitude of the relationship between idiosyncratic risk and long-

run IPO returns will vary from one period to another. Bozhkov et al. (2018) compare the 
significance of idiosyncratic volatility in different market environments given that some 
studies (John and Harris 1990) document that stock response differs according to the level 
of stress associated with the period. For example, Bozhkov et al. (2018) show a stronger 
correlation between idiosyncratic risk and returns during recessions, especially when 
investors are more risk averse. Thus, it seems that there is an interaction between risk pre-
mium and risk tolerance varying given the market environment. This motivates our analy-
sis of the relationship between firm idiosyncratic risk and long-run IPO returns across dif-
ferent periods. Based on the results of Beaulieu and Mrissa Bouden (2015a), we split our 

16 Fama and French (1993, p. 20) show that HML slopes switch regularly from negative values for the low-
est book-to-market quintile to positive values for the highest book-to-market quintile.
17 Insiders are generally informed investors prohibited from selling the stock during the IPO lock-up period 
that usually lasts from 90 to 180 days after the company goes public.
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1 3

sample in three issuance sub-periods according to average IPOs initial returns, the volatil-
ity of IPOs initial returns, and the number of issued IPOs: (1) a hot-issue IPO market in 
2000 which is characterized by the highest level in IPO volume, IPO initial returns and IPO 
risk,18 (2) a quiet IPO market between 2001 and 2007 which is characterized by a medium 
level of IPO volume and relatively weak IPO initial returns and risk, and (3) a crisis period 
for IPOs at the end of 2007 (the start of the American recession) to 2009 characterized by 
the lowest level of IPO volume, and a relatively unstable IPO initial returns and risk (with 
peaks by the end of 2007).

Table 4 shows Pearson, Spearman, and Kendall correlations between: (1) average 3-year 
IPO excess returns relative to the risk-free rate 

(

RIPO

i,j
− Rf,j

)

{j=756days}
 and IPO realized idi-

osyncratic variance RIVIPO

i.j
{j=756days} , and (2) average 3-year IPO excess returns relative to 

the matched non-IPO 
(

RIPO

i,j
− Rnon-IPO

i,j

)

{j=756days}
 and IPO excess idiosyncratic variance 

(RIVIPO

i.j
− RIVnon−IPO

i.j
){j=756days}.

First, we note that in the hot-issue market IPOs exhibits negative 3-year excess returns 
(−0.04%) and lower 3-year excess returns than that of matched non-issuing firms. This 
result confirms the market-timing hypothesis of Loughran and Ritter (2000) who argue that 
issues in high-volume periods are more likely to underperform in the long run.

More interestingly, we note that there is a negative correlation between IPO idiosyn-
cratic risk and IPO long-run returns for the overall IPO sample. This finding is consistent 
with Ang et al. (2006) and Arena et al. (2008) who show a negative relationship between 
idiosyncratic risk and cross-section returns for traded firms. We add that the magnitude of 
the relationship between IPO idiosyncratic risk and IPO long-run returns is more important 
during the hot-market and crisis periods. However, we note that this relationship is insig-
nificant during the quiet period.

Moreover, Table 4 shows a positive (negative) cross-section Pearson correlation between 
IPO 3-year abnormal returns and their idiosyncratic abnormal risk compared to their peers 
during the hot-issue market (crisis), suggesting the existence of a significant linear relation-
ship between these variables. However, the sign of this linear relationship differs according 
to the issuance period. It seems that investors continue to hold risky issues by requiring an 
IPO excess idiosyncratic risk premium in periods of high IPO volume. However, they are 
more risk averse during the crisis and tend to sell IPOs characterized by an excess idiosyn-
cratic risk compared with their peers, which lowers their prices in the long run. Thus, it is 
interesting to investigate the relationship between abnormal returns and abnormal idiosyn-
cratic risk through time because investors risk behavior may change over time.

Since our findings confirm a long-run relationship between IPO idiosyncratic risk and 
aftermarket returns with different magnitude depending on the issuance periods, we stipu-
late that abnormal returns computed from the standard 3FF model may include, in part, a 
risk premium associated with firm specific risk. Therefore, we propose in the next sections 
a new model to measure long-run abnormal return that accounts for a long-run idiosyn-
cratic risk-return relationship.

18 (1) IPO volume is measured by the total number of IPOs in each month, (2) IPO initial returns are meas-
ured by the percentage difference between the closing price of the first transaction day and the offer price, 
and (3) IPO risk is measured by the variance of excess IPO returns relative to the risk-free rate during the 
first month of IPO trading (see Beaulieu and Mrissa Bouden (2015a, p. 11).
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1 3

4.3  Conditional idiosyncratic volatility impact on the long‑run performance

This section focuses on a model that incorporates time-varying volatility to better measure 
long-run abnormal performance. Such models, known as autoregressive conditional heter-
oskedasticity (ARCH) models, introduced by Engle (1982), model financial time series that 
exhibit time-varying volatility. Bollerslev (1986) suggests a generalized ARCH (GARCH) 
model that assumes an autoregressive moving average (ARMA) model for the error vari-
ance. The previous literature allows for time-varying volatility by including modifications 
to the standard models to consider the GARCH effect around an event (Böhmer et  al. 
1991). These authors argue that “when an event causes even minor increases in variance, 
the most commonly-used methods reject the null hypothesis of zero average abnormal 
return too frequently when it is true” (p. 253).

In the context of an IPO short-run perspective, Lowry et al. (2010) estimate not only the 
level but also the variance of IPO initial returns. They show an increasing volatility during 
the early aftermarket stage, especially during the hot-issue market. Hence, it is interesting 
to focus on the level as well as the variance of returns for the IPO long-run perspective 
to show whether time-varying firm-level risk affects the long-run abnormal performance 
measurement. Beaulieu and Mrissa Bouden (2015) show that short run IPO mispricing 
in pre (registration period)—and post (first-day of IPO trading)-IPO is explained by idi-
osyncratic risk. Therefore, we argue that market participants should be compensated for 
systematic as well as for firm-level risk. Hence, we focus in this section on a model that 
incorporates time-varying conditional firm-level risk to show how firm-level risk affects 
IPO and similar non-IPO long-run returns and causes changes in IPO’s long-run abnormal 
performance. Our objective is to highlight the part of the abnormal performance due to 
firm-level risk exposure.

We present the modified 3FF model with GARCH-M (in mean) extension for the daily 
individual excess returns over the IPO event-time as follows:

where �
i,j
=
√

hi,jzi,j with a Gaussian innovation distribution,

i represents each equity: (i) IPO or (ii) comparable non-IPO and j corresponds to IPO event 
day.

This model is estimated for IPO and matched non-IPO individual stocks during the first 
3 years of IPO trading. The conditional variance hi,j from the model measures the firm-
level conditional idiosyncratic risk (Beaulieu et  al. 2005; Fu 2009). The sensitivity of 
expected returns to conditional idiosyncratic volatility is �i and it measures the long-run 
returns’ exposure to the firm-level idiosyncratic risk. The abnormal return for stock i is 
measured by: (1) the intercept ( �FF_GARCH−M

i
 ), which is adjusted for systematic risk factors 

(market, size, and book-to-market) as well as firm-level idiosyncratic risk, and (2) the part 
associated with the firm-level idiosyncratic risk exposition ( �i

√

hj).
The empirical results in Table 5 show negative values for the mean and the median of 

alpha computed from the modified 3FF with GARCH-M for both IPOs (−0.58 and −0.06, 

(2)
Ri,j − Rf,j=�

FF_GARCH−M

i
+�MKTi

(Rm,j − Rf,j)+�SMBi
SMBj+�HMLi

HMLj+�i

√

hi,j+�i,j,

(3)hi,j = �i + �ihi,j−1 + �i�
2
i,j−1

.
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respectively) and their peers (−0.42 and −0.11, respectively).19 We recognize that the 
standard 3FF model, which leads to positive and significant intercepts for both IPOs and 
matched non-IPO equities, misrepresents abnormal returns because it does not account for 
a firm-level risk premium.

Besides, we find that the difference in intercepts from the modified 3FF model between 
each IPO and its peer is not statistically significant, suggesting that IPOs do not signifi-
cantly underperform matched firm in the long run.

Figure 1 shows an illustration of the standard and modified 3FF (median) cumulative 
abnormal return (CAR)20 series over the first 12 quarters of IPO trading for both IPO 
and non-IPO equities. This figure reveals that the modified 3FF-CARs are lower than 
the returns computed from the standard 3FF model for both equities (IPOs and matched 
non-IPOs). The standard 3FF model shows a better performance for IPOs than their peers 
during six quarters after the offer date that may be due to the stabilization practices of 
underwriters and the lock-up period.21 However, the modified 3FF model shows that IPOs 
outperform their peers only during the first quarter of IPO trading. Afterward, we note that 
IPOs underperform their peers for the rest of the period.

It seems that the modified 3FF model can detect the negative effect of the end of the 
lock-up period on IPO CARs, while the standard 3FF model still produces higher CARs for 
IPOs compared to their peers even after the end of the period. Unlike the standard 3FF, the 

-0.002

-0.001

0

0.001

0.002

0.003

0.004

1 2 3 4 5 6 7 8 9 10 11 12

3FF-CAR_IPO

3FF-CAR_non-IPO

3FF_GARCH-M-CAR_IPO

3FF_GARCH-M-CAR_non-IPO

Aftermarket trading quarter

Fig. 1  Cumulative abnormal aftermarket returns over the first 3  years of IPO trading: IPOs versus non-
IPOs. This figure reports the standard and modified 3FF (median) cumulative abnormal return CAR series 
over the first 12 quarters of IPO trading for both IPOs and matched non-IPOs equities. The non-IPOs equi-
ties are selected based on industry, sales, profitability and growth similar to those of the IPOs equities using 
the propensity score matching method. The cumulative abnormal return CAR is measured on the median of 
alphas from the standard and modified 3FF (with GARCH-M extension) models in each quarter

19 The p value of the Wilcoxon test indicates that only the alpha for non-IPOs is significantly negative.
20 Cumulative abnormal returns (CARs) are measured with the median of alphas from the standard and 
modified 3FF models in each quarter.
21 The lock-up period usually lasts between 90 to 180 days after the offering.
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modified 3FF model shows decreasing IPO CARs and yields negative medians. However, 
the modified 3FF model produces CAR close to zero for matched non-IPO equities.

Furthermore, our findings in Table 5 show that Delta in the modified 3FF with GARCH-
M exhibits positive and significant mean and median values for both IPO (0.56 with a t 
test p value of (0.03) and 0.25 with a Wilcoxon p value of (< 0.0001)) and matched non-
IPO (0.66 with a t-test p value of (0.02) and 0.30 with a Wilcoxon p value of (< 0.0001)). 
Although the IPO deltas take lower values compared with matched non-IPOs, the t-test 
and Wilcoxon p values indicate that the difference in delta between the two samples is 
insignificant on average. We note significant values for all coefficients (γ, θ and η) relative 
to the variance Eq. (3) for the majority of IPOs and matched non-IPO equities, suggesting 
that the volatility process is time-varying contrarily to the assumption in the standard 3FF 
model. Results relative to the difference in the intercepts (γIPOi − γnon-IPOi) of the variance in 
Eq. (3) indicate that IPOs exhibit greater variances than their peers on average. In addition, 
it appears that IPOs take higher values of η (the coefficient associated with the last period 
forecast of variance) than matched non-IPO equities, suggesting that the variance of IPO 
returns is more persistent than that of their peers.

Besides, results relative to the median difference in θ (the coefficient associated with the 
last period squared residual) between IPOs and non-IPO equities indicate that the variance 
of non-IPOs’ returns is more sensitive to last period news than that of IPO returns.

Overall, the comparison between standard and modified 3FF models using different 
information criteria22 leads us to recognize the superiority of the later compared to the for-
mer that does not account for time-varying variance and ignores the possible relationship 
between idiosyncratic risk and expected returns. Hence, we show that it is important to 
consider not only IPO returns but also the time variation in the issuing firm-level variance 
when comparing IPOs with their peers. It turns out that when we consider the impact of 
idiosyncratic risk on expected returns, we find that the average IPO underperformance with 
respect to their peers disappears. The median value of the alpha coefficients has changed 
from −0.008% with a Wilcoxon p value of 0.08 (using the standard 3FF model in Table 3) 
to 0.009% with a Wilcoxon p value of 0.52 (using the modified 3FF model in Table 5). We 
infer that this IPO underperformance is mainly due to model misspecification that consid-
ers neither the time-varying volatility process nor the specific firm risk exposure. It seems 
that a part of the abnormality in the standard measure of abnormal returns could be attrib-
uted to a time-varying specific risk premium.

4.4  Idiosyncratic risk variation over event time

Since we assume that standard abnormal returns measures could include a portion associ-
ated with a time-varying firm-specific risk premium, we show in this sub-section how idi-
osyncratic risk varies over time depending on: (1) the type of stock: IPO versus non-IPO 
and (2) the IPO profile: high versus low-idiosyncratic risk IPOs during the first quarter of 
IPO trading, young versus mature issuers, overvalued versus undervalued issues, technol-
ogy versus non-technology IPOs and firms going public in hot, quiet or crisis markets. Our 

22 Further details not reported (available for any request) including the R-Squared and some information 
criteria (the Akaike’s Information Criteria (AIC), the corrected Akaike’s Information Criteria (AICC) and 
the Bayesian Information Criteria (BIC) indicate that the modified 3FF model with GARCH-M fits the data 
better.
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purpose is to find characteristics that predict the biggest change in stocks idiosyncratic risk 
over the first 3 years of IPO trading, which could affect IPO long-run performance.

Figure  2 reports the median daily conditional idiosyncratic variance for IPOs and 
their matched firms computed on the basis of the modified 3FF model with GARCH-
M during the first 3  years of IPO trading. This figure shows that the IPO conditional 
idiosyncratic risk (CIV) exhibits a downward trend over the IPO event time. However, 
the conditional idiosyncratic risk for comparable non-IPO equities is lower and seems 
less variable over the IPO event time. Figure 2 also shows that the difference in the idi-
osyncratic risk components between issuing and matched non-issuing firms is large in 
the early aftermarket stage and becomes smaller towards the end of the third year of the 
offer. We infer that the problem of asymmetric information is more important in IPO 
stocks than for non-IPO ones. Nevertheless, as the market provides more information 
about the new issue over time, the level of IPO idiosyncratic risk tends to decrease, 
approaching the idiosyncratic risk level of its comparable firm.

We present in Fig. 3 the time variation in the realized idiosyncratic variance (RIV) 
over the first 12 quarters of the offering depending on issue characteristics commonly 
used in the IPO literature (Ritter 1991) and mainly related to the firm risk level, namely 
the maturity of the issuing firm, the pre-IPO valuation, the industry, and the period of 
issuance.

Figure 3 (Panel A) shows the long-run time variation in idiosyncratic risk according to 
the risk characteristics of the IPO during the early aftermarket stage. We split our IPO sam-
ple into two portfolios based on their level of idiosyncratic risk in the first quarter of IPO 
trading: (1) high idiosyncratic-risk IPOs that exhibit an idiosyncratic risk level above the 
median and (2) low idiosyncratic-risk IPOs that exhibit an idiosyncratic risk level below 
the median. We note that IPOs characterized by a high level of idiosyncratic risk in the 
first quarter of IPO trading continue to exhibit high idiosyncratic risk during the next 11 
quarters. We also show that idiosyncratic risk associated with high idiosyncratic-risk IPOs 
exhibit a downward trend over time and tend to reach the level of idiosyncratic risks associ-
ated with low idiosyncratic-risk IPOs.

Figure  3 (Panel B) shows the time variation in idiosyncratic risk for young versus 
mature listings.23 We note higher idiosyncratic risk over the first 12 quarters for young 
IPOs. This finding is consistent with Fink et al. (2010) who show that the maturity of pub-
lic firms could explain the increase of the idiosyncratic risk in the overall market over cal-
endar time. In addition, we find that both IPO groups (mature and young) exhibit a down-
ward trend in idiosyncratic risk over the first 12 quarters of the offering. However, we note 
that the slope of the trend is larger for young IPOs. We infer that the young age of the IPOs 
only accentuates the slope level of the trend in idiosyncratic risk but it is not the cause of 
this negative trend. When we control for IPO age, the negative trend of the idiosyncratic 
risk over event time persists for mature IPOs even if the slope is lower than that of young 
IPOs. Therefore, we could not attribute the negative trend in event-time idiosyncratic risk 
to the age of the issuing firm.

Figure 3 (Panel C) shows the idiosyncratic risk variation over the event time according 
to the pre-IPO valuation. We split our IPO sample into two portfolios: (1) undervalued 

23 The age of the issuing firm is determined as follows: the year of the offering minus the year of founda-
tion. Foundation dates are collected from the following website: (http://bear.warri ngton .ufl.edu/ritte r/found 
ingda tes.htm). We split our IPO sample sorted by age into quartiles. The first quartile of the sample consti-
tutes the young IPOs. The last quartile constitutes the mature IPOs.

http://bear.warrington.ufl.edu/ritter/foundingdates.htm
http://bear.warrington.ufl.edu/ritter/foundingdates.htm
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IPOs and (2) overvalued IPOs. We use the price-to-value ratio24 as proposed by Zheng 
(2007) to distinguish between undervalued and overvalued IPOs. We find that overvalued 
IPOs exhibit higher idiosyncratic risk than undervalued IPOs. In addition, the downward 
trend in idiosyncratic risk is greater (in absolute value) for overvalued IPOs than for under-
valued IPOs. We also show that the magnitude of the difference in the idiosyncratic risk 
between overvalued and undervalued IPOs is larger during the early aftermarket stage.

In Fig. 3 (Panel D), we check how firm-level idiosyncratic risk varies over event time 
for five IPO portfolios sorted by industry.25 We show that HITEC IPOs exhibit the highest 
idiosyncratic risk, which tends to decrease over the IPO event time. This finding is consist-
ent with Lowry et al. (2010) who note that technology issues are riskier. This result allows 
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Aftermarket trading day

Fig. 2  Conditional idiosyncratic variance over IPO event time: IPOs versus non-IPOs. This figure reports 
the median daily conditional idiosyncratic variance (CIV) for IPOs and their matched non-IPO firms (non-
IPOs are firms comparable with IPOs according to: (1) Industry/Size/Profitability/Growth (ISPG) and (2) 
Industry/Size/Profitability/Growth/Leverage (ISPGL)) based on the modified three-factor Fama–French 
model with GARCH-M (in mean) extension. CIV are calculated for the three first years of IPO trading 
(from the first day of the IPO event to day 756). CIV are assessed from regressions on individual excess 
returns for IPOs and non-IPOs firms

24 The pre-IPO valuation is approximated by the price-to-value ratio as computed by Zheng (2007) as fol-
lows:

 
(

P

V

)Z

EBITDA

=

[

OfferPrice×(CRSPSharesOutstanding−NewPrimaryShares)−Cash+TotalDebt

EBITDA(PriorOfferingQuarter)

]

IPO
[

MarketPrice(OneDayPriortheIPOOfferDate)×CRSPSharesOutstanding−Cash+TotalDebt

EBITDA(PriorOfferingQuarter)

]

Match

 If the price-to-value ratio is greater (smaller) than one, then the IPO offer price is higher (lower) than the 
fair value of the issue and classified as overvalued (undervalued) by the underwriter.
25 We split our IPO (and matched non-IPO) sample into five portfolios on the basis of the firm industry: 
(1) CNMR includes sustainable and unsustainable consumption, wholesale, retail, and some services (laun-
dries, repair shops); (2) MANUF includes manufacturing, energy, and utilities; (3) HITEC includes busi-
ness facilities, telephone, and television transmission; (4) HLTH includes healthcare, medical equipment, 
and medicines; and (5) OTHER includes mining, construction, transportation, hotels, services, entertain-
ment, and the financial sector.
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us to infer that the degree of information asymmetry is higher for IPOs in the high-tech 
industry.

Figure 3 (Panel E) shows how firm-level idiosyncratic risk varies over IPO event time 
depending on the IPO’s issuance period. We note that firms that went public in 2000 are 
characterized by the highest idiosyncratic risk over the IPO event time (12 first quarters 
of the offering). Many risky firms choose to go public in a hot-issue market because it 
is easier to market their issue without leaving money on the table (Beaulieu and Mrissa 
Bouden 2015a). However, it seems that IPOs in the crisis sub-period exhibit a lower level 
of idiosyncratic risk because high-idiosyncratic risk firms keep away from going public in 
a period of crisis to avoid being constrained to leave large amounts of money on the table. 
Moreover, we note that the idiosyncratic risk of hot market IPOs tends to decrease over 

(A) Long-run idiosyncratic volatility sorted by IPO initial idiosyncratic risk level 

(B) Long-run idiosyncratic volatility sorted by IPO maturity
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Fig. 3  Time variation in the idiosyncratic volatility over the 12 first quarters of offering depending on IPO 
profile. These figures report the time variation of the median of the idiosyncratic volatility over the first 
3 years of IPO trading for high idiosyncratic-risk versus low idiosyncratic-risk IPOs’ portfolios (Panel A), 
young versus mature issuing firms (Panel B), undervalued versus overvalued IPOs’ portfolios (Panel C), 
IPOs depending on their industry (Panel D) and IPOs depending on their issuance (hot/quiet/crisis) period 
(Panel E). The realized idiosyncratic (RIV) volatilities are computed from the three factors model of Fama 
and French (1993) over the 12 first quarters of IPO trading
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(D) Long-run idiosyncratic volatility sorted by IPO industry

(E) Long-run idiosyncratic volatility sorted by the IPO issuance period
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Fig. 3  (continued)
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time (with a large negative slope trend). However, the idiosyncratic risk of issues in quiet 
and crisis sub-periods exhibits a slight downward trend.

In sum, we show that issuing firms exhibit higher idiosyncratic risk than their matched 
non-IPO firms. Moreover, young IPOs, overvalued IPOs, technology firms and hot-market 
issues have the highest levels of idiosyncratic risk especially during the early aftermarket 
stage. Nevertheless, the idiosyncratic risk of these types of IPOs gradually decreases over 
time becoming indistinguishable from that of matched non-IPO firms.

Chen and Petkova (2012, p. 2745) note that “Portfolios with high (low) idiosyncratic 
volatility relative to the Fama–French (1993) model have positive (negative) exposures 
to innovations in average stock variance and therefore lower (higher) expected returns”. 
Based on Chen and Petkova (2012), we expect IPOs with the following characteristics: 
high idiosyncratic-risk IPOs during the early aftermarket stage, young IPOs, overvalued 
IPOs, technology firms and hot-market issues, exhibiting the highest levels of idiosyncratic 
volatility during the first 3 years of IPO trading, to have positive exposure to the idiosyn-
cratic volatility as well as lower long-run returns.

4.5  Long‑run performance and idiosyncratic risk exposure according to the IPO 
profile

This subsection focuses on IPO long-run performance and IPO idiosyncratic risk exposure 
controlling for different characteristics of the issues (firm risk level, maturity of the issuing 
firm, pre-IPO valuation, the industry, and the period of issuance). We aim to examine how 
firm-level idiosyncratic risk affects long-run returns.

Table 6 reports results for the distribution of the intercepts (Panel A) and the sum of the 
beta coefficients26 (Panel B) from the standard versus the modified 3FF (with GARCH-M 
(in mean) extension) models for the following IPO portfolios: (1) high idiosyncratic-risk 
versus low idiosyncratic-risk IPOs, (2) young versus mature IPOs, (3) overvalued versus 
undervalued IPOs, (3) technology IPOs versus others, and (4) IPOs going public in hot 
versus quiet versus crisis periods. Table 6 also shows the distribution of the Delta27 (Panel 
C) coefficient that measures idiosyncratic risk exposure resulting from the estimation of 
Eqs. (2) and (3) of the modified 3FF model depending on the IPO profile.

Panel (A) of Table 6 shows that 3FF intercepts change signs for some types of IPOs 
when we account for the premium on the idiosyncratic risk in the modified 3FF model with 
GARCH-M. We note that new intercepts associated with high idiosyncratic-risk IPOs,28 
technology issues, and hot IPOs become significantly negative,29 suggesting that these 
types of IPOs underperform the market in the long run.

In addition, our results show that the differences in intercepts between high idiosyn-
cratic-risk and low idiosyncratic-risk IPOs, HITEC and others, and issues in hot and quiet 

26 The sum of the beta coefficients: Betas = BetaMKT + BetaSMB + BetaHML, presents the sensitivity of IPO 
event-time individual returns to systematic risk factors (market, size and book-to-market).
27 The “Delta” coefficient (δi) is computed from the modified 3FF model with GARCH-M and presents the 
sensitivity of event-time IPO individual returns to idiosyncratic volatility.
28 Other findings (not reported) show that high idiosyncratic-risk IPOs exhibit more negative abnormal 
returns (−0.047%) than their peers in the same risk category (−0.014%). The difference between the two 
groups of stocks (IPOs and non-IPOs) in the same category of risk is statistically significant.
29 The new intercept associated with overvalued IPOs also becomes negative, but not statistically signifi-
cant.
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markets move from null (when we use the standard 3FF model) to significantly nega-
tive (when we use the modified 3FF model with GARCH-M. However, the difference in 
intercepts between overvalued and undervalued IPOs goes from significantly negative 
(when we use the standard 3FF model) to null (when we use the modified 3FF model with 
GARCH-M). We also note that intercepts for young and mature IPOs move from signifi-
cantly positive to null when we add the GARCH-M extension to the standard 3FF model. 
These results lead us to consider that a part of the abnormality in the traditional measure of 
abnormal return (the intercept from the standard 3FF model) is due to a time-varying firm-
level idiosyncratic risk premium. We infer that regardless of the IPO profile, the inclusion 
of a firm-level idiosyncratic risk premium causes changes of different magnitudes in abnor-
mal returns and/or the difference in abnormal returns between different categories of IPOs.

Besides, we note that the “Delta” coefficient, which is our proxy for idiosyncratic risk 
exposure, is significantly positive for all IPOs except overvalued IPOs and issues in the cri-
sis period that present “Delta” coefficient not significantly different from zero. The results 
for new issues in the crisis period is expected since the idiosyncratic risk level of the issu-
ers during this period is lower than in hot and quiet markets. However, our results for over-
valued IPOs is not consistent with Chen and Petkova (2012) who show that traded firms 
with high idiosyncratic volatility exhibit positive exposure to this type of risk. In our case, 
it seems that when investors overvalue a new issue, they are more tolerant towards the spe-
cific risk characteristics of the issuer and do not require an additional premium associated 
with the idiosyncratic risk. Otherwise, the investors who agree to buy overvalued issues are 
generally uninformed investors. Rock (1986) notes the following adverse selection problem 
in the IPO allocation process: informed investors only trade for undervalued IPOs, whereas 
the uninformed investors indiscriminately trade for undervalued and overvalued IPOs. 
Then, overvalued issues are fully allocated to uninformed investors who do not hold private 
information about the new issues. Hence, these uninformed investors could not be able to 
immediately incorporate specific firm risk into prices of overvalued issues, which explains 
why these specific issues are not exposed to idiosyncratic risk. Therefore, we argue that the 
difference in abnormal returns between overvalued and undervalued IPOs as well as issues 
in the crisis and quiet periods is partially attributed to the difference in the idiosyncratic 
risk exposure.30

We suggest that it is not sufficient to look at the time variation in the level of IPO idi-
osyncratic volatility. Since we assume that IPO idiosyncratic risk exposure plays an impor-
tant role in IPO long-run performance, we should instead measure the degree of exposure 
to this type of risk for different categories of IPOs.

Figure 4 presents the different levels of idiosyncratic risk exposure over the first 3 years 
of offering, measured by the “Delta” coefficient, according to the issuance period, the 
industry of the issuing firm, the pre-IPO valuation, the level of IPO idiosyncratic risk dur-
ing the first quarter of IPO trading and the IPO age. We note that the IPOs most exposed 
to idiosyncratic risk are mainly the hot-market issues and the undervalued IPOs. High 
idiosyncratic-risk IPOs and technology issues also present high level of idiosyncratic risk 
exposure. However, the Wilcoxon test in Panel (C) of Table 6 does not show a significant 
difference in “Delta” when we compare high idiosyncratic-risk IPOs and technology issues 
with respectively low idiosyncratic-risk IPOs and issues from other industries.

30 The non-parametric Wilcoxon test shows that the difference in “Delta” between overvalued and under-
valued IPOs as well as issues in crisis and quiet periods is significant.



976 M.-C. Beaulieu, H. Mrissa Bouden 

1 3

(A) Idiosyncratic risk exposure sorted by IPO initial idiosyncratic risk level

(B) Idiosyncratic risk exposure sorted by IPO maturity

(C) Idiosyncratic risk exposure sorted by pre-IPO valuation
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(D) Idiosyncratic risk exposure sorted by IPO industry
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Fig. 4  Idiosyncratic risk exposure depending on IPO profile. These figures report the median of the Delta 
coefficient estimated with the modified 3FF model with GARCH-M (in mean) extension using individuals 
stocks classified into the following groups: (1) high idiosyncratic-risk versus low idiosyncratic-risk IPOs’ 
portfolios (Panel A), (2) young versus mature issuing firms (Panel B), (3) undervalued versus overvalued 
IPOs’ portfolios (Panel C), (4) IPOs depending on their industry (Panel D) and (5) IPOs depending on 
their issuance period (hot for issues in 2000, quiet for issues between 2001 and 2007 and crisis for issues 
between 2008 and 2009). The Delta coefficient measures the individual returns sensitivity to firm-level idi-
osyncratic risk over the 12 first quarters of IPO trading. Delta is our proxy for idiosyncratic risk exposure
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On the one hand, we have discussed that hot-market issues are characterized by high 
levels of idiosyncratic risk. It seems that investors are more vigilant in periods of high 
volume of issues than in other periods, which leads them to require an additionally risk 
premium to incorporate the specific risk of the firm into the aftermarket prices. On the 
other hand, Mrissa Bouden (2015) show that underwriters tend to undervalue (overvalue) 
the issue in the pre-IPO when they (do not) incorporate information associated with the 
idiosyncratic risk components into IPO prices. Benveniste and Spindt (1989) consider IPO 
underpricing as a compensation for informed investors to motivate them to reveal their pri-
vate information about the issue. Thus, IPO underpricing mitigates the level of information 
asymmetry between issuers and investors. For this reason, it is easier for investors to incor-
porate idiosyncratic risk into the prices of undervalued issues than those of overvalued 
issues. This could explain the higher level of idiosyncratic risk exposure of undervalued 
IPOs compared with overvalued IPOs.

Moreover, we show that the high exposure of hot-market IPOs to the idiosyncratic risk 
could explain the long-run underperformance of these IPOs with respect to issues in the 
quiet period. Results in Panel (B) of Table 6 show higher levels of “Betas”31 for hot issues 
(the median of the “Betas” distribution equals 1.8) and high idiosyncratic-risk IPOs (the 
median of the “Betas” distribution equals 1.7). We previously noted that IPOs in a hot-
issue market exhibit high levels of idiosyncratic risk. We add that this type of IPOs is more 
affected by systematic risk factors. Results in Panel (B) of Table 6 confirm this finding by 
showing a significant difference in “Betas” between high and low idiosyncratic-risk IPOs 
(the median sum of Betas is 1.7 against 1.4, respectively). These results show that the differ-
ence in abnormal returns between these two types of IPOs can be attributed to the difference 
in systematic risk factors. These findings are consistent with Ang et al. (2006) who show 
that high-idiosyncratic risk stocks which are sensitive to market volatility risk exhibit low 
long-run returns. However, our empirical evidence supports these findings for IPOs only.

Other results show that there is no significant difference in either the impact of the 
systematic risk factors32 or the idiosyncratic risk33 between high and low idiosyn-
cratic-risk matched non-IPOs. Therefore, unlike for IPOs, the difference in intercepts 
from the modified 3FF model between high (−0.014%34) and low idiosyncratic-risk 
(−0.007%35) matched non-IPOs is not significant. We conclude from our results that 
the negative cross-section relationship between firm-level idiosyncratic volatility and 
abnormal performance documented by Ang et al. (2006) is primarily derived from the 
IPO market and is generally valid for established stocks in the market.36

Overall, results in Table  6 show that the idiosyncratic volatility impact on IPO 
long-run performance depends on the IPO profile. Our findings support the alternative 
hypothesis of a significant impact of idiosyncratic volatility on IPO individual event-
time long-run returns for all types of IPOs, except overvalued IPOs and issues in the 
crisis period. We conclude that the difference in abnormal performance between IPOs, 

31 Systematic risk impact is measured by the sum of “Beta” coefficients tied to the market, size, and book-
to market factors.
32 The median sum of “Betas” is 1.1 for high idiosyncratic-risk matched non-IPOs versus 1.3 for low idio-
syncratic-risk matched non-IPOs.
33 The median “Delta” is 0.4 for high idiosyncratic-risk matched non-IPOs against 0.1 for low idiosyn-
cratic-risk matched non-IPOs.
34 With a Wilcoxon p value of 0.01.
35 With a Wilcoxon p value of 0.16.
36 The sample period in Ang et al. (2006) study is from January 1986 to December 2000.
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regardless of its type, include an abnormality associated with the difference in a firm-
level idiosyncratic risk premium.

5  Implications for future research, potential investors and decision 
makers

Our empirical analysis shows that the negative difference in long-run performance 
between high and low idiosyncratic risk stocks is present only in IPOs. This finding 
could explain Ang et al.’s (2006) results that show lower returns for high-idiosyncratic 
risk stocks given the new issue bias. Furthermore, our results for most types of IPOs 
support the findings of Chen and Petkova (2012) for traded firms, which show that 
high idiosyncratic volatility is associated with positive idiosyncratic risk exposure. 
However, unlike established firms, IPOs present a higher level of information asym-
metry between issuers and investors. For some cases, this information disparity could 
cause confusion in the investors’ judgment about the risk characteristics of the issued 
stocks and leads them to not consider an insurance premium associated with their idi-
osyncratic risk, which results in overvalued IPOs in the short-run and IPO underper-
formance in the long-run. Hence, our study contributes to the literature by highlight-
ing that future research should distinguish between IPOs and established firms when 
focusing on: (1) the relationship between firm-level idiosyncratic risk and abnormal 
performance and (2) the determinants of the idiosyncratic risk exposure.

Moreover, our findings motivate investors to require an additional premium associ-
ated with firm-level idiosyncratic risk, especially when they agree to invest in high-
risk IPOs, technology firms, and hot new issues. This research also provides investors 
with an appreciation of IPO profiles that outperform the market in the long run, and 
hence, achieve profitable IPO investments.

Furthermore, our results show that unlike all IPO categories, overvalued IPOs and 
firms going public in a crisis period are less exposed to firm-level idiosyncratic risk. 
If the information asymmetry surrounding the new issue is high, investor opinions will 
diverge, due to a lack of incorporation of the firm’s private information into its stock 
price. Our findings could lead market regulators to introduce new rules to improve 
information disclosure during the issuance of new equities especially in crisis periods. 
For instance, Xiaoqiong et al. (2008) emphasize the role of the regulatory environment 
and economic reforms that provide a positive signal argument to support Chinese firms 
after going public. We think that in the future, the focus will be on a better dissemi-
nation of information, especially with the new Q4IPO program that offers a platform 
providing communication between issuing firms and investors. Future research should 
center on assessing the impact of better information disclosure through the effect of 
idiosyncratic risk on IPO performance.

6  Conclusion

This paper improves upon traditional approaches used in the previous literature to measure 
abnormal returns and presents a new approach that accounts for firm-specific risk to elu-
cidate the variation in IPO performance in the long run. In sum, the standard 3FF model, 
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often used to assess abnormal returns, does not consider firm-specific risk. Consequently, 
abnormal returns measured with the standard 3FF model are only adjusted for risk asso-
ciated with common factors (market, size, and book-to-market). As the firm-specific risk 
varies over time, we add a GARCH-M (in mean) extension to the standard 3FF model 
to account for the conditional idiosyncratic volatility in the individual returns’ equation 
through the IPO event-time method.

First, our results show a positive and significant relationship between 3-year firm-level 
idiosyncratic volatility and individual expected returns for almost all IPOs, except over-
valued issues and firms going public in a crisis period. This long-run relationship between 
idiosyncratic risk and expected returns is more important in hot-issue markets and for IPOs 
presenting specific characteristics (undervalued IPOs, high idiosyncratic-risk issues in the 
first quarter of IPO trading and HITEC issuing firms). In those cases, abnormal returns 
assessed with the standard 3FF model is not accurate because it only partly includes firm-
specific risk effect on expected returns. Consequently, we find that the difference in long-
run abnormal returns between IPOs and comparable non-IPOs loses its significance when 
abnormal returns are adjusted for firm-level idiosyncratic risk using the modified 3FF 
model with GARCH-M. Our results are consistent with Barber and Lyon (1997), Kothari 
and Warner (1997), and Gompers and Lerner’s (2003) findings which attribute the mixed 
evidence in the behavior of IPO performance to the methodology used to compute long-
run abnormal returns. We add to this literature that the inclusion of an idiosyncratic risk 
factor influences the apparent performance of IPOs in the long run. Thus, this paper sug-
gests that a part of abnormal returns in specific IPOs long-run performance is derived from 
firm idiosyncratic risk.

Second, our findings show that the event time variation in idiosyncratic risk depends on 
the type of equity (IPO or non-IPO). We note that IPOs exhibit higher idiosyncratic risk 
than their non-IPO peers, especially during the early aftermarket stage. As time goes by, 
the level of IPO idiosyncratic risk gradually approaches that of similar non-IPO towards 
the end of the third year of IPO trading. We also find that high levels of IPO idiosyncratic 
volatility over the first 3 years of the offering are mostly concentrated among high idiosyn-
cratic-risk IPOs in the early aftermarket stage, young IPOs, overvalued IPOs, technology 
firms and hot-market issues. It is well known that these types of IPOs are subject to a great 
divergence of opinions among investors, which is reflected by the great variability in their 
returns and inferred in high levels of idiosyncratic volatility.

Third, we note that the idiosyncratic risk exposure is more pronounced for high-idiosyn-
cratic risk IPOs (such as technology and hot issues). This finding is consistent with Chen 
and Petkova (2012) who show high idiosyncratic risk exposure for high-idiosyncratic risk 
stocks. However, we add that unlike established firms, we should consider the asymmetric 
information problem which characterizes the IPO market in general and especially some 
types of IPOs such as the overvalued issues. We show that when underwriters overvalue 
the new issues with respect to their peers in the pre-IPO, investors (especially the unin-
formed ones who most likely receive a full allocation of overvalued issues), are unable to 
incorporate idiosyncratic risk into aftermarket prices of these overvalued issues. We infer 
that even the issue is categorized among high idiosyncratic-risk stocks such as the case of 
overvalued issues; the information asymmetry level around its pre-IPO valuation affects 
the degree of idiosyncratic risk integration into its aftermarket prices.

Finally, we conclude that it is interesting to distinguish between IPOs and established 
firms on the one hand, and consider several characteristics of IPOs on the other hand, when 
we consider the impact of the idiosyncratic risk on returns to provide a better model of 
IPO long-run performance. Future research should concentrate on the development of a 
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better measure of the idiosyncratic risk factor as well as the different determinants of the 
IPO idiosyncratic risk exposure to better analyze its role on the long-run IPO performance 
measurement.
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