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Abstract 

This thesis consists of two essays on idiosyncratic stock return volatilities (IVOL). In 

the first essay (Chapter 3), I find that the negative relation between IVOL and 

subsequent stock returns (the IVOL puzzle) does not depend on whether the stocks 

perform well or poorly in the formation month. I also find that this negative relation 

persists for a holding period of up to 12 months. Taken together, these two findings 

highlight that short-term return reversals can explain only part of the IVOL puzzle. I 

examine the missing factors proposed in the literature and find that the common IVOL 

factor can largely explain the persistence of the IVOL puzzle beyond the first holding 

month. I also investigate a possible explanation of the IVOL puzzle related to the 

convex return patterns induced by the real options among high-IVOL stocks. 

In the second essay (Chapter 4), we show that time-varying financial leverage generates 

a common factor structure in firm-level IVOL, with the presence of sticky debt in a 

model where asset returns follow a simple linear factor structure with constant 

volatility. Under reasonable parameter settings in a standard dynamic capital structure 

model, we numerically show that on average about 25% of the time variation in firm-

level IVOL can be explained by a single factor. This proportion falls to zero when using 

a purely equity financed sample. We also show that exposure to the common IVOL 

factor is negatively priced, even though IVOL is positively priced in the cross-section. 
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Chapter 1 

Introduction 

In an influential study, Ang, Hodrick, Xing, and Zhang (2006) document a negative 

relation between the idiosyncratic stock return volatility (IVOL) and the subsequent 

stock returns in the cross-section. This finding is called the IVOL puzzle in the 

literature. Many studies have proposed different explanations of this puzzle, but despite 

intense study, the IVOL puzzle remains a long-standing asset pricing anomaly. Hou and 

Loh (2016) show that the existing explanations jointly explain only 29%-54% of the 

puzzle. Hence, even the most prominent explanations such as short-term return reversals 

and investors’ lottery-like behaviour account for only a part of the puzzle.  

The very recent finding of a common factor structure in IVOL by Duarte, Kamara, 

Siegel, and Sun (2014) and Herskovic, Kelly, Lustig, and Van Nieuwerburgh (2016) 

starts a new line of research. Both papers conclude that this common factor is priced, 

with Herskovic et al. arguing that this factor is driven by fundamental cash flow 

1

idiosyncratic volatility. On the other hand, recent empirical studies such as Doshi, 
0 F

Jacobs, Kumar, and Rabinovich (2016) and Choi and Richardson (2016) emphasize the 

1
 I use the term “IVOL” to specifically represent the equity return idiosyncratic volatility (as opposed to 

the fundamental cash flow idiosyncratic volatility). Herskovic et al. (2016) measure the fundamental cash 

flow from sales or earnings. 
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potential impact of financial leverage on measures of IVOL which has not been 

explored in the study of a common factor structure in IVOL. 

This thesis includes two essays that contribute to these existing studies of IVOL. In 

particular, I examine two separate stylized facts of IVOL: (1) the IVOL puzzle and (2) 

the common factor structure in IVOL.  

In the first essay (Chapter 3), I investigate the return reversal properties of the high-

IVOL stocks over a holding horizon of up to 12 months. I identify two reasons why 

explanations based on short-term return reversals cannot fully explain the IVOL puzzle. 

First, the low subsequent returns on high-IVOL stocks come not only from the return 

reversal effect for the stocks that performed well in the prior month (i.e., the portfolio 

formation month), but also from the continuation of poor returns for the high-IVOL 

stocks that performed poorly in the formation month. The latter subset of stocks makes 

up about 40% of high-IVOL stocks whose return pattern cannot be explained by return 

reversals. Second, the IVOL puzzle does not diminish in only one or two months after 

the portfolio formation month. Instead, the IVOL puzzle persists for holding periods of 

up to 12 months. The persistence of the IVOL puzzle is independent of the stock’s 

performance over the formation month. 

My findings suggest that the IVOL puzzle is not only a short-term phenomenon 

reflecting market frictions, but could also be driven by fundamental source(s). I examine 

the ability of existing risk-based explanations to explain the persistence of the IVOL 

puzzle. After augmenting the Fama and French (1993) three-factor model with the 

proposed new pricing factor, I find that the common IVOL factor proposed in Duarte et 

al. (2014) reduces the negative risk-adjusted returns on high-IVOL stocks by about 50% 

in the first two holding months. The additional factor explains the IVOL puzzle over a 

longer holding horizon. This finding implies that the IVOL puzzle can result from 
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multiple sources. Explanations related to market frictions such as short-term return 

reversal and investors’ lottery-like behaviour explain a significant proportion of the 

IVOL puzzle in the subsequent month, while some fundamental source(s) play a more 

important role in the longer term.  

I examine a new potential explanation of the IVOL puzzle based on the real option-

induced convex return pattern of high-IVOL stocks. I show that high-IVOL stocks tend 

to be in those industries with many real options as measured by research and 

development (R&D) expenditure. Jagannathan and Korajczyk (1986) theoretically show 

that an option-like portfolio would artificially generate a negative estimated alpha in an 

OLS regression because the return pattern of such a portfolio is convex. I empirically 

test whether the IVOL puzzle is a result of an “artificial” negative alpha on high-IVOL 

stocks which have many real options. I find that the convex return pattern generates a 

negative alpha for the high-IVOL portfolio, but it is insufficient to fully explain the 

IVOL puzzle. 

In the second essay (Chapter 4), we propose a simple yet powerful alternative 

explanation of the common factor structure in IVOL  as documented in Duarte et al. 

(2014) and Herskovic et al. (2016). Under very mild conditions, we show theoretically 

and numerically that time-varying financial leverage generates co-movement in IVOL. 

We also find that financial leverage explains the negative cross-sectional pricing effect 

associated with the common factor structure in IVOL. 

We illustrate our intuition with a simple model in which asset returns follow a linear 

factor structure with the market asset return as the single factor. We show that the 

market asset return drives the time variation of financial leverage, which consequently 

determines the measure of IVOL in each period. When the economy does poorly (well), 

all firms tend to become more (less) levered and the IVOL will tend to increase 
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(decrease). Therefore a co-movement in IVOL presents in the cross-section. Such co-

movement does not require either correlations among residual stock returns or a factor 

structure in the fundamental cash flow idiosyncratic volatility. The only requirement is 

the presence of a lag in the adjustment of a firm’s leverage to its target leverage ratio. 

This lag will introduce a negative correlation between leverage and the return on the 

economy. 

We show that financial leverage can generate a strong common factor structure in IVOL 

using a variant of the Goldstein, Ju, and Leland (2001) capital structure model where 

the firm’s cash flow has a single factor structure. Under reasonable initial parameter 

settings, we find supporting evidence from three tests. First, the cross-sectional average 

IVOL as a proxy for the common IVOL factor (denoted as CIV) explains more than 

25% of the time-series variation in firm-level IVOL on average. The factor structure 

pattern in IVOL totally disappears if we use a purely equity-financed sample. Second, 

we find that the average IVOL of the portfolios sorted by financial leverage are strongly 

correlated with each other except the portfolio with the lowest leverage. Third, in the 

market-level time-series regression, we find that the innovations in CIV are strongly 

correlated with the innovation in the market average financial leverage. 

We also find in our numerical analysis that the negative cross-sectional pricing of CIV 

as documented in Herskovic et al. (2016) can be explained by financial leverage. Highly 

levered firms tend to have a more negative exposure to CIV shocks, but high leverage 

commands a high expected return in the next period, hence generating a negative 

relation between exposure to CIV shocks and expected returns. On the other hand, we 

find a significant positive relation between IVOL and the cross-section of stock returns. 

This finding results from IVOL being a positive monotonic transformation of the firm’s 

leverage ratio in the Goldstein et al. (2001) model. 



Chapter 2 

Literature Review 

In this chapter, I review the literature on idiosyncratic stock return volatility (IVOL). I 

provide an overview of the studies on the role of IVOL in asset pricing and the pattern 

of IVOL in both time-series and cross-section. In particular, I focus on two separate 

empirical stylized facts of IVOL: the IVOL puzzle and the common factor structure in 

IVOL. 

The IVOL puzzle refers to the negative relation between IVOL and subsequent stock 

returns as first documented in Ang, Hodrick, Xing, and Zhang (2006). The IVOL puzzle 

is a long-standing asset pricing anomaly that has been the subject of a large number of 

empirical studies. In this chapter, I discuss the mixed evidence produced by these 

studies and clarify the conflicting results. I then identify a potential, but as yet 

unexplored, explanation of the IVOL puzzle. The common factor structure in IVOL is a 

very recent empirical finding documented in Duarte, Kamara, Siegel, and Sun (2014) 

and Herskovic, Kelly, Lustig, and Van Nieuwerburgh (2016). I discuss the two existing 

explanations and then identify a possible alternative reason for the common factor 

structure in IVOL. 

5 
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2.1 The IVOL Puzzle 

In an influential study, Ang et al. (2006) find a negative relation between IVOL and 

subsequent returns in the cross-section of stocks in the US markets. Ang et al. find that 

on average, the value-weighted portfolios comprising the top quintile IVOL stocks 

underperform the bottom quintile stocks by 1.06% per month, or 1.31% after adjusting 

for common risk factors. In their follow-up research, Ang et al. (2009) confirm their 

finding in international markets. This finding is robust to a variety of controls, including 

the book-to-market ratio, size, liquidity, volume, leverage, coskewness, dispersion of 

analysts’ forecasts, and momentum effects. The authors call this finding “a substantive 

puzzle”, which is known in the literature as the IVOL puzzle. 

To the extent that realized IVOL proxies for expected IVOL and realized stock returns 

in the subsequent month proxy for expected stock returns, this result is puzzling because 

traditional asset pricing theories suggest that IVOL should be either irrelevant or 

positively related to expected returns. In particular, theories such as CAPM focus on 

systematic risk and suggest that investors should form portfolios to diversify 

idiosyncratic risk. In an idealized world where the market is perfect and complete, only 

systematic risk should be positively priced, while idiosyncratic risk should not be priced 

because investors can fully diversify their portfolio at no cost. On the other hand, in the 

presence of market frictions and incompleteness, investors may not be able to diversify 

their portfolios, and hence may be exposed to idiosyncratic risk. Levy (1978) and 

Merton (1987) shows that the market portfolio is inefficient when individual investors 

know only a subset of the available securities or feel comfortable investing in only a 

subset of all available securities. Hence investors must hold undiversified portfolios as 

long as these subsets differ across investors. Malkiel and Xu (2002) argue that investors 

are unable to construct efficient portfolios because the “effective supply” that investors 

use to price assets is different from the total “published supply” that in fact may not be 
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available to investors. Models in Levy (1978), Merton (1987) and Malkiel and Xu 

(2002) predict that idiosyncratic risks are positively priced and hence cross-sectional 

stock returns should be positively related to their idiosyncratic risks. 

Although Ang et al. (2006) and the follow-up studies on the IVOL puzzle focus directly 

on firm- level IVOL in the cross-section, some earlier empirical studies focus on the 

pricing of market aggregate IVOL in the time-series. Goyal and Santa-Clara (2003) find 

a significant positive contemporaneous relationship between market average stock 

variance (of which the major component is IVOL) and market returns. They relate this 

positive relation to investors holding non-tradable assets which add background risk to 

their traded-portfolio decisions. Bali, Cakici, Yan, and Zhang (2005) find that the 

results in Goyal and Santa-Clara (2003) disappear after excluding the NASDAQ stocks 

which include a large number of small and/or illiquid stocks. Neither are the results 

robust to extended sample periods. However, Ruan, Sun, and Xu (2010) show that the 

original result in Goyal and Santa-Clara (2003) continues to hold if a less noisy measure 

of idiosyncratic volatilities is adopted.  

The IVOL puzzle has attracted much attention and many follow-up papers propose 

different explanations of the puzzle. Several studies examine this puzzle from the 

perspective of methodology and sample construction; another large body of studies 

proposes different economic mechanisms relating IVOL to subsequent stock returns. To 

quantify how well these existing explanations perform, Hou and Loh (2016) develop a 

framework to examine the multiple explanations jointly, and show that together, all 

existing explanations can account for 29%–54% of the puzzle in individual stocks and 

78%–84% of the puzzle in IVOL-sorted portfolios. The existing explanations that Hou 

and Loh (2016) investigate include expected idiosyncratic skewness (Boyer, Mitton, 

and Vorkink, 2010), coskewness (Chabi-Yo and Yang, 2010), investors’ lottery-like 

behaviour measured by maximum daily return (Bali et al., 2011), retail trading 
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proportion (Han and Kumar, 2013), one-month return reversals (Fu, 2009; Huang, Liu, 

Rhee and Zhang, 2010), illiquidity (Han and Lesmond, 2011), uncertainty (Johnson, 

2004), exposure to innovations in average variance (Chen and Petkova, 2012), and 

earnings surprises (Jiang, Xu, and Yao, 2009). While many of these existing 

explanations account for less than 10% of the puzzle, those based on investors’ lottery-

like behaviour, short-term return reversals and earnings surprises show relatively greater 

promise in explaining the puzzle.  

I now review the existing explanations in detail and clarify the conflicting empirical 

findings in this literature. 

Alternative measures of IVOL 

One of the fundamental debates in the IVOL puzzle literature is the appropriate measure 

of IVOL. Ang et al. (2006) estimate IVOL as the volatility of the residual returns from 

Fama-French three-factor regressions using daily returns in each month. Ang et al. find 

a negative relation between realized monthly IVOL and subsequent stock returns. With 

the concern that realized IVOL might not be a good proxy for expected IVOL, some 

studies use conditional measures of IVOL to proxy for expected IVOL. Ang el al. 

(2009) and Chen and Petkova (2012) measure the conditional IVOL using historical 

IVOL and other firm-specific characteristics, and find that the IVOL puzzle still holds. 

Fu (2009) and Eiling (2013), on the other hand, measure conditional IVOL by an 

EGARCH model with monthly data, and find a significant positive relation between 

conditional IVOL and expected returns. However, Fink, Fink, and He (2012) and Guo, 

Kassa, and Ferguson (2014) point out that Fu’s measure suffers from a look-ahead bias 

by including the subsequent one-month returns in the estimation of their EGARCH 

model. After correcting for the look-ahead bias, conditional IVOL shows no significant 

relation with expected returns. Even though the empirical results on the relation 
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between conditional IVOL and expected stock returns is conflicting, the negative 

relation between realized IVOL and subsequent stock returns remains an empirical 

puzzle. 

Follow-up studies in the IVOL puzzle literature generally adopt the volatility of the 

residuals of asset pricing models such as the CAPM or the Fama-French three-factor 

model as a standard method to measure IVOL. Herskovic et al. (2016) also use a purely 

statistical method (principal component analysis) with five to ten components to 

estimate IVOL. The evidence suggests that IVOL estimates from these methodologies 

are very similar, and the IVOL puzzle is robust as long as IVOL is estimated using daily 

data. 

Sample selection and portfolio weighting scheme 

Empirical examinations of different subsamples suggest that the significance of the 

IVOL puzzle is sensitive to sample construction and the portfolio weighting scheme. 

Bali and Cakici (2008) observe that the results in Ang et al. (2006) hold only in value-

weighted portfolios but do not hold in equally-weighted portfolios. This observation 

suggests that the IVOL puzzle is likely to be driven by the relatively larger stocks in the 

set of high-IVOL stocks, which themselves tend to be relatively small. Bali and Cakici 

further explore the return patterns of the high-IVOL stocks, and confirm that the IVOL 

puzzle is driven by those high-IVOL stocks that are relatively large firms compared 

with the other high-IVOL stocks. Smaller stocks within the high-IVOL group contribute 

little or nothing to the IVOL puzzle.  

Chen, Jiang, Xu and Yao (2012) further investigate the IVOL puzzle in different 

subsamples, and find that neither microcap stocks (defined as stocks with size below the 

20
th

 percentile of the market capitalization of all NYSE stocks) nor penny stocks (stocks 
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with price below $5) contribute to the IVOL puzzle. After excluding these two types of 

stocks, the IVOL puzzle is robust in both value-weighted and equally-weighted 

portfolios. The studies by Bali and Cakici (2008) and Chen et al. (2012) reveal the 

important fact that although the high-IVOL stocks tend to be the small stocks, it is the 

relatively large stocks in the high-IVOL group that drive the IVOL puzzle. Those very 

small high-IVOL stocks, which tend to have a low price and by construction have very 

high estimated IVOL due to the minimum tick size effect, do not contribute to the IVOL 

puzzle. Hence the follow-up studies in this literature either focus on the value-weighted 

portfolio returns or exclude penny stocks from their sample. 

Missing risk factors 

A number of papers have argued that the IVOL puzzle can be driven by the residual risk 

exposure due to missing risk factors in the standard asset pricing model. Ang et al. 

(2006) argue that a missing risk factor in the Fama-French model is the most likely 

explanation of the IVOL puzzle. This idea is supported by the findings in Ang et al. 

(2006) and Chen and Petkova (2012) that the value-weighted returns on a high-IVOL 

portfolio remain significantly low in a longer holding horizon of up to 6-12 months after 

portfolio formation. 

This line of research follows the principle that a missing non-diversifiable risk factor 

should be (and is) priced by the market. If the high-IVOL stocks tend to have higher 

loadings on this factor then the missing factor contributes to an explanation of the IVOL 

puzzle. To offset the negative risk-adjusted returns of the high-IVOL stocks, the 

loadings of such stocks on the missing risk factor should have the opposite sign to the 

premium on the missing risk factor. 

Ang et al. (2006) find that the market aggregate variance is a negatively priced risk 
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factor, but the IVOL puzzle is still present after controlling for exposure to the market 

aggregate variance using a portfolio double-sorting test. Chen and Petkova (2012) 

decompose the market aggregate variance into the product of average stock variance 

and average stock correlations, and find that only the exposure to the average stock 

variance is priced with a negative risk premium. The high-IVOL stocks tend to have 

positive loadings on innovations in the average stock variance and hence show negative 

risk-adjusted returns. Duarte et al. (2014) further extend this line of research from a 

different approach and argue that a common factor structure must exist in the estimated 

IVOL if there is any missing risk factor in the traditional asset pricing model. Duarte et 

al. use stocks with high exposure to common IVOL components as a proxy for the 

missing risk factors and relate the time-series variation in the common IVOL 

component to the default spread and market volatility. 

However, the finding in Herskovic et al. (2016) questions the explanations based on a 

missing risk factor. Herskovic et al. use a purely statistical method (principal 

component analysis with five to ten components) to remove possible common variations 

in returns, and then use the residual return volatility as the measure of IVOL. The 

resulting IVOL estimates are very close to the estimates derived from standard asset 

pricing models, and the IVOL puzzle remains significant. The finding in Herskovic et 

al. (2016) suggests that the IVOL puzzle is less likely to be driven by a missing risk 

factor in a traditional asset pricing model.  

The imperfect correction on residual exposure to risk factors may also arise from the 

time-varying factor loadings which cannot be fully captured in a regression over a long 

horizon. Grundy and Martin (2001) and Korajczyk and Sadka (2004) emphasize the 

importance of dynamic risk loading in adjusting long-short portfolio returns. Whether 

the IVOL puzzle can arise from time-varying factor loadings has attracted little attention 

in the literature and remains an open question. 
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Short-term return reversal and investors’ lottery-like behaviour 

Hou and Loh (2016) show that explanations based on short-term return reversal and 

investors’ lottery-like behaviour exhibit greater promise in explaining the puzzle than 

most of the existing explanations. However, the empirical results regarding these two 

explanations are also mixed. 

Huang et al. (2010) and Fu (2009) find that high-IVOL stocks tend to be small stocks 

that have high returns in the portfolio formation month. Huang et al. and Fu attribute the 

significantly low subsequent returns on high-IVOL stocks to the short-term return 

reversal effect. However, this explanation is challenged by Chen et al. (2012) who find 

that after excluding penny stocks, short-term return reversal can no longer explain the 

significantly negative coefficient on IVOL in the Fama-MacBeth regression. 

Bali, Cakici, and Whitelaw (2011) argue that investors have a lottery-like preference for 

the stocks experiencing extreme positive realized daily returns in the portfolio formation 

month. Assuming that market frictions keep the mispricing from being immediately 

traded away, the stock price will be pushed higher still in the portfolio formation month 

but drop back in the following month, thus producing the IVOL puzzle pattern. Hence a 

return reversal pattern in the high-IVOL stocks is implied by this explanation. However, 

Chen and Petkova (2012) show that the findings in Bali et al. (2011) do not hold either 

in equally-weighted portfolios or in the sample excluding penny stocks. 

The conflicting empirical findings on both short-term return reversal and lottery-like 

behaviour are mainly due to the inclusion of penny stocks. As I discussed above, 

although the high-IVOL stocks tend to be the small stocks, it is the relatively large 

stocks in the high-IVOL group that drive the IVOL puzzle. Those very small high-

IVOL stocks, which are affected by the minimum tick-size effect, do not contribute to 
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the IVOL puzzle. 

The findings in Hou and Loh (2016) recognize that while both short-term return 

reversals and lottery-like behaviour do not fully explain the IVOL puzzle, they remain 

prominent possible explanations. The result suggests not only that the high-IVOL stocks 

may follow a return reversal pattern, but also that a further study in this line of research 

could provide a useful and detailed understanding of the return pattern of high-IVOL 

stocks. 

Alternative explanations 

There are several explanations that do not fall naturally into the previous groups. Jiang 

et al. (2009) find that IVOL is negatively related to future earnings surprises. Firms with 

poor earnings prospects tend to make selective disclosure of corporate information 

which cannot be fully understood by unsophisticated individual investors. Generally, 

when firms disclose less information, investors are more likely to have divergent 

beliefs, leading to higher return volatility. Therefore IVOL reflects such information 

content about future earnings which is not fully incorporated into the current stock 

price. As a result, high-IVOL stocks are more likely to be those with restricted 

information disclosures and their future returns will be low. Jiang et al. (2009) also find 

that the IVOL puzzle is stronger among those stocks with a less sophisticated investor 

base, which is consistent with the argument in Bali et al. (2011) that investors in the 

high-IVOL stocks have stronger lottery-like behaviour. In addition, Jiang et al. (2009) 

also find that the IVOL puzzle is not a manifestation of the anomaly that accounting 

accruals (the non-cash components of earnings) are negatively related to future stock 

returns. 
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Two studies relate the IVOL puzzle to research and development expenditure (R&D). 

Both Jiang et al. (2009) and Chen and Petkova (2012) find that stocks with high (low) 

IVOL have high (low) R&D expenditures. 1F

2
 Jiang et al. (2009) interpret high R&D as 

indicating large uncertainty about future cash flows, which in turn predicts low future 

returns. But Jiang et al. (2009) find that R&D as an independent variable cannot fully 

explain the IVOL puzzle in the Fama-MacBeth regression. Chen and Petkova (2012) 

consider high R&D as an indicator of the presence of many real options. The value of a 

firm with many real options should be less negatively affected by increasing volatility, 

making high-IVOL stocks a good hedge against periods of increasing market-wide 

variance (mostly corresponding to poor market returns). Therefore the expected returns 

on such stocks should be low. The existing studies show that high-IVOL stocks are 

associated with high R&D, which indicates possible high growth options. Jagannathan 

and Korajczyk (1986) document that the payoff structure of option-like stocks is 

nonlinear; a portfolio strategy of buying call option-like stocks will exhibit an 

“artificial” negative alpha. This observation provides another explanation of a negative 

relation between IVOL and expected stock returns.  

Recently, several new explanations of the IVOL puzzle have appeared and are not 

examined in Hou and Loh (2016). For example, Chen, Strebulaev, Xing and Zhang 

(2014) argue that the equity holders adopt risk-shifting strategy by taking on high 

idiosyncratic risk investments when facing downside risks, which will be shifted to debt 

holders. As a result, the equity holders demand lower risk premiums and receiving 

lower stock returns. Chen, Strebulaev, Xing and Zhang (2014) find that this risk-shifting 

strategy alone explains 66.06% to 89.96% of the negative IVOL-return relation. 

Stambaugh, Yu and Yuan (2015) empirically apply the limits to arbitrage framework to 

explain the IVOL puzzle. They argue that IVOL creates arbitrage risk that deters 

2
 Jiang et al. (2009) standardize R&D by market capitalization; Chen and Petkova (2012) standardize 

R&D by asset value. 
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arbitrageurs from exploiting mispricing and hence correcting prices. Therefore the high-

IVOL stocks are either the most overpriced or the most underpriced stocks but on 

average they have low future returns due to arbitrage asymmetry―that is, it is riskier 

and more difficult for arbitrageurs to short-sell the overpriced stocks than to buy the 

underpriced stocks. Schneider, Christian, and Zechner (2016) argue that the high-IVOL 

stocks tend to be those of firms whose return distributions are negatively skewed due to 

credit risk. A standard asset pricing model such as CAPM overestimates expected 

returns for such firms relative to their true (skew-adjusted) market risk. The negative 

relation between stock returns and IVOL reflects this skewness risk. Shi, Liu, and Ho 

(2016) analyze the effects of public news arrival on the IVOL-return relation, and find 

that the IVOL puzzle obtains because there is simultaneously a positive (negative) 

relation between the intensity of bad (good) news arrivals and IVOL and a negative 

(positive) relation between the intensity of bad (good) news arrivals and stock returns. 

In summary, the empirical studies of the IVOL puzzle show mixed results. While 

general agreement has been reached on the measurement of IVOL and sample 

construction there is less agreement on the main driver(s) of the IVOL puzzle. Short-

term return reversals, investors’ lottery-like preferences and earnings surprises are 

found to have greater promise in explaining the puzzle.   

2.2 Time-series and Cross-sectional Patterns in IVOL 

Time-series patterns in IVOL 

Time-series patterns in IVOL have also attracted much attention. Campbell, Lettau, 

Malkiel, and Xu (2001) emphasize the importance of the time-series pattern for both 

investors and researchers. 2F

3
 Campbell et al. find that the market aggregate IVOL 

                                                           
3
 There are three reasons. First, individual investors’ portfolios are significantly under-diversified on 

average and hence have high exposure to idiosyncratic risk (Barber and Odean, 2000; Goetzmann and 
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(measured as the cross-sectional average of firm-level IVOL) shows a large and 

significant upward trend during 1962-1997, whereas the market- and industry-level 

average variances are stable during the same period. Three reasons have been proposed 

to explain this increase. First, the variance of shocks to future cash flows may have 

increased. For example, if firms become more focused on specialized industries, their 

activities become less diversified (Campbell et al., 2001). Alternatively, there may have 

been changes in the investment opportunity set, growth opportunities or earnings quality 

(Guo and Savakis, 2007; Cao, Simin, and Zhao, 2007; Wei and Zhang, 2008), or 

product markets may have become more competitive (Irvine and Pontiff, 2006). 

Second, the increase may be explained by changes in the composition of the stock 

market. Two examples of this explanation are firms listing earlier in their life cycle 

(Fink, Fink, Grullon, and Weston, 2010) and riskier firms being listed (Brown and 

Kapadia, 2007). Third, there has been an increase in institutional ownership of stocks 

and a stronger preference among institutions to invest in small stocks (Xu and Malkiel, 

2003; Bennett, Sias, and Starks, 2003). 

In two studies using more recent data, Bekaert, Hodrick, and Zhang (2010), and Brandt, 

Brav, Graham, and Kumar (2010) find that the increasing trend in market aggregate 

IVOL disappears if the sample is extended to 2008. Nevertheless, studies of the time 

series of IVOL can contribute to our understanding of the determinants of the 

movement in IVOL over time.      

Cross-sectional patterns in IVOL 

                                                                                                                                                                          
Kumar, 2008; Polkovnichenko, 2005; Benartzi, 2001; Benartzi and Thaler, 2001; and Huberman, 2001). 

Therefore the level of idiosyncratic risk in the stock market matters for such investors. Second, textbooks 

usually suggest that a portfolio of 20 to 30 stocks approximates a well-diversified portfolio. However, 

even for investors who adopt such an approximation strategy to diversify their portfolio, the level of 

IVOL in the stocks making up the portfolio still matters, because it affects the adequacy of this 

approximation. Third, Campbell et al. (2001) point out that when a stock’s IVOL is high, a larger pricing 

error may occur, especially for arbitrageurs or researchers who focus on a particular stock. 
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Recent studies present new empirical evidence on the pattern of firm-level IVOL in the 

cross-section. Herskovic et al. (2016) find a strong co-movement among the IVOL of 

stocks traded in the US market over 1926-2010. The co-movement among firm-level 

IVOL indicates a possible common factor structure in cross-sectional IVOL. 

Herskovic et al. (2016) report that a single common factor of IVOL on average explains 

more than 30% of the time variation in individual firms’ IVOL. Duarte et al. (2014) find 

similar results. Both papers agree that the cross-section of firm-level IVOL suggests a 

common factor structure but they disagree on the interpretation of this factor. Standard 

asset pricing models such as the Fama-French three-factor model posit that average 

returns are linear functions of common risk factors. Duarte et al. (2014) argue that if 

these models do not fully account for all risk factors, then the estimated IVOL from 

such models would exhibit some commonality in the cross-section. However, Herskovic 

et al. (2016) use a purely statistical method (principal component analysis with up to ten 

principal components) to remove possible correlations between stock returns and then 

compute the residual volatility as IVOL. Herskovic et al. find that this approach has 

little effect in reducing the co-movement in IVOL. Hence conclude that the common 

factor structure in IVOL is not likely to be driven by an omitted factor at the linear 

return level when a potential factor is assessed by examining its explanatory power for 

the covariance structure between returns rather than its power to explain average 

returns. Furthermore, they show that the co-movement in IVOL may reflect the 

common factor structure in the fundamental cash flow idiosyncratic volatility. 

The pricing of the common factor of IVOL (CIV) is examined in both Duarte et al. 

(2014) and Herskovic et al. (2016). Both papers find that CIV is associated with a 

negative risk premium, but only Duarte et al. (2014) show that CIV helps to explain the 

IVOL puzzle. The difference is likely to arise from the different methodologies used in 

the two papers. First, Duarte et al. compute the CIV as the first principal component of a 
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panel of IVOL, whereas Herskovic et al. compute the CIV as the equally-weighted 

average of the cross-section of IVOL. However, Herskovic et al. argue that the two 

measures are approximately equal to each other. Second, Duarte et al. estimate the 

exposure to CIV by regressing the individual IVOL on CIV in the time-series; whereas 

Herkovic et al. estimate the exposure to CIV shocks by regressing the individual stock 

returns on the changes in CIV in the time-series.  

While both Duarte et al. (2014) and Herskovic et al. (2016) investigate the common 

factor structure in IVOL, neither examines the potential role of firm financial leverage 

in determining the measure of IVOL. Hence, they implicitly assume that firms are 

unlevered but theoretical models of capital structure such as Goldstein et al. (2001) 

imply that there should be a close relation between leverage and IVOL. Empirical 

studies such as Doshi et al. (2016) and Choi and Richardson (2016) also emphasize the 

potential impact of financial leverage on measures of IVOL. Doshi et al. (2016) suggest 

a method to “de-lever” equity returns and find both the IVOL puzzle and the value 

anomaly disappear when “de-levered equity returns” are used in the analysis. Choi and 

Richardson (2016) propose a method to compute the asset volatility using high-quality 

data on bond prices and find that financial leverage creates significant differences 

between the properties of equity and asset volatilities. A failure to account for this 

difference leads to an empirical finding that financial leverage is not related to equity 

volatilities in the empirical data. 

2.3  Summary 

Despite intense study, the IVOL puzzle remains a long-standing asset pricing anomaly. 

Hou and Loh (2016) show that the existing explanations jointly explain only 29%-54% 

of the puzzle. Hence, even the most prominent explanations such as short-term return 

reversals and investors’ lottery-like behaviour account for only a part of the puzzle. In 
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my first essay, I investigate return reversal and the longer-term performance of the 

IVOL puzzle and empirically identify the major challenges for explanations based on 

return reversal to account fully for the IVOL puzzle. In addition, I investigate industry 

concentration among the high-IVOL stocks and attempt to explain the IVOL puzzle 

through the convex return pattern produced by the presence of real options. 

The very recent finding of a common factor structure in IVOL starts a new line of 

research. The existing explanations either have been challenged, or need to assume a 

common factor structure in the fundamental cash flow idiosyncratic volatility, while the 

role of financial leverage in determining the measure of IVOL has been largely ignored. 

In my second essay, I investigate the relation between financial leverage and the 

measure of IVOL in the context of a standard capital structure model. I provide both 

theoretical analysis and numerical evidence to show how financial leverage generates 

the common factor structure in IVOL. 

 



20 

Chapter 3

Essay 1 

Long-term Performance and Return Reversal Properties of 

the Idiosyncratic Volatility Puzzle 

Yichao Zhu 

Abstract 

I find that the negative relation between idiosyncratic volatility and subsequent stock 

returns (the IVOL puzzle) does not depend on whether the stocks perform well or 

poorly in the formation month, and the negative relation persists for a holding period of 

up to 12 months. This finding highlights that short-term return reversals can explain 

only part of the IVOL puzzle. I examine the missing factors proposed in the literature 

and find that the common IVOL factor can largely explain the persistence of the IVOL 

puzzle beyond the first holding month. I also investigate a possible explanation of the 

IVOL puzzle related to the convex return patterns induced by the real options among 

high-IVOL stocks. 
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3.1 Introduction 

Ang, Hodrick, Xing, and Zhang (2006) find that stocks with high idiosyncratic volatility 

(IVOL) exhibit low subsequent returns. To the extent that realized lagged IVOL proxies 

for expected IVOL and realized stock returns proxy for expected stock returns, this 

result is puzzling because standard asset pricing theories suggest that IVOL should be 

either irrelevant or positively related to expected returns. Many studies have proposed 

different economic mechanisms relating IVOL to subsequent stock returns, but no final 

conclusion has been reached. Hou and Loh (2016) comprehensively examine the ability 

of existing studies to explain the IVOL puzzle, and find that that many existing 

explanations can account for less than 10% of the puzzle. Hou and Loh show that those 

based on one-month short-term return reversal and investors’ lottery preferences (which 

also imply a return reversal) are prominent possible explanations, but leave a significant 

proportion of the puzzle unexplained. This result suggests that the high-IVOL stocks 

may follow not only a return reversal pattern, but also some other pattern that drives the 

IVOL puzzle.  

In this paper, I investigate the return reversal properties of the high-IVOL stocks and 

identify two reasons why the explanations based on return reversals cannot fully explain 

the IVOL puzzle. I show that among the high-IVOL stocks, both those that performed 

well and those that performed poorly over the portfolio formation month (denoted as t), 

exhibit low returns over the subsequent month (denoted as t+1). Furthermore, the low 

future returns for both subgroups persist in a longer holding horizon of 12 months, 

indicating that there are other potential fundamental source(s). I examine the existing 

risk-based explanations and find that the common IVOL factor helps to explain the 

persistence of the IVOL puzzle. I also investigate the industry concentration of the high-

IVOL stocks and propose an explanation based on the convex return pattern produced 

by real options. 
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I have four main findings. First, I find that the low subsequent returns of the high-IVOL 

stocks do not necessarily come from the return reversal of high returns over the 

portfolio formation month. Existing explanations such as those proposed by Fu (2009) 

and Huang, Liu, Rhee and Zhang (2010) attribute the puzzling low subsequent returns 

of the high-IVOL stocks to a short-term return reversal effect from their high returns 

over the portfolio formation month. Bali, Cakici, and Whitelaw (2011) argue that 

investors have a lottery-like preference for the stocks experiencing extreme positive 

realized daily returns in the formation month. Assuming that market frictions keep the 

mispricing from being immediately traded away, the stock price will be pushed higher 

still in the formation month but drop back in the subsequent month, thus producing the 

IVOL puzzle pattern. Hence, a return reversal pattern in the high-IVOL stocks is 

implied by this explanation. I propose a simple portfolio sorting approach to test 

whether the return reversal is a common property of the high-IVOL stocks. In 

particular, I split the high-IVOL stocks into subgroups based on their performance over 

the formation month and show that all the subgroups experience negative and 

significant risk-adjusted returns over the subsequent month. This result suggests that the 

low subsequent returns of the high-IVOL stocks come from those that performed well in 

the formation month as well as those that performed poorly in the formation month. 

This finding complements the study by Chen, Jiang, Xu and Yao (2012) which 

challenges the return reversal argument. Chen et al. find that after excluding the penny 

stocks (defined as those with price below $5), short-term return reversals measured by 

formation month returns cannot fully capture the negative coefficient of IVOL in the 

Fama-MacBeth regression. This finding provides one reason why explanations based on 

return reversal can account for only part of the puzzle as documented in Hou and Loh 

(2016). 
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Second, I show that the IVOL puzzle is a longer-term phenomenon beyond the 

subsequent month. Stocks sorted into the high-IVOL decile experience significantly 

negative risk-adjusted monthly returns over a 12-month holding horizon after the 

formation month. The cumulative risk-adjusted return over 12 months for the high-

IVOL decile is -7.24%, compared with -1.17% in the first holding month (i.e., the 

month following portfolio formation), suggesting a strong continuation in the IVOL 

puzzle effect. More importantly, I further examine the performance of the high-IVOL 

stocks over a 12-month holding horizon, for both those stocks that performed well and 

those that performed poorly in the formation month. I find that the low subsequent 

returns for both subgroups are present not only in the first holding month, but also 

persist over a long holding horizon. This finding suggests that the IVOL puzzle is not a 

phenomenon that vanishes quickly, and hence provides another reason why short-term 

return reversals do not fully explain the IVOL puzzle. This finding is robust to different 

portfolio return weighting schemes, subsample tests, subperiod tests and various asset 

pricing models. This finding is consistent with Ang et al. (2006) and Chen and Petkova 

(2012) who document that the IVOL puzzle lasts for at least 6 to 12 months based on 

value-weighted returns in the full sample. My evidence shows that the persistence of the 

low future returns on high-IVOL stocks is observed in those stocks which performed 

well and in those which performed poorly in the formation month; that is, the IVOL 

puzzle persists in both subgroups.  

Third, the finding that the IVOL puzzle persists over a long holding horizon, regardless 

of the performance in the formation month, is in line with the implications of the risk-

based explanations. Ang et al. (2006) argue that the IVOL puzzle is most likely to be 

caused by some missing risk factor. Chen and Petkova (2012) show that the innovation 

in average stock return variance is a missing risk factor which explains the puzzle. The 

studies demonstrating the importance of the common factor structure in IVOL (Duarte, 
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Kamara, Siegel, and Sun, 2014; and Herskovic, Kelly, Lustig, and Van Nieuwerburgh, 

2016) are also related to the IVOL puzzle. In this paper, I examine the existing risk-

based arguments and show that the common IVOL factor can largely explain the 

persistence of the IVOL puzzle. In particular, after adding the mimicking portfolio 

returns of the common IVOL factor into the Fama-French three-factor regression, the 

risk-adjusted returns of the high-IVOL portfolio are reduced by half in the first two 

months, and are reduced to almost zero starting from the third month after the formation 

month. 

Fourth, I also examine a potential explanation of the IVOL puzzle based on the convex 

return pattern of high-IVOL stocks. I investigate the industry composition of the high-

IVOL stocks and find that the high-IVOL stocks are concentrated in industries with 

many real options as measured by research and development (R&D) expenditure ratios. 

This finding is similar to Jiang et al. (2009) and Chen and Petkova (2012). Jiang et al. 

interpret R&D as an indicator of future investment and uncertainty about future cash 

flows, while Chen and Petkova consider a high-R&D stock with many real options to be 

a hedge against bad markets because the value of options will increase when the market 

average volatility is high. I examine an alternative channel that implies a negative 

relation between IVOL and expected stock returns through real options. Jagannathan 

and Korajczyk (1986) document that an option-like portfolio would receive a negative 

estimated alpha artificially in an OLS regression and that the magnitude of the negative 

alpha increases when the portfolio consists of more option-like stocks. Following this 

idea, real options present in a high-IVOL portfolio would induce convexity into the 

portfolio’s return pattern. The high-IVOL portfolio would outperform the low-IVOL 

portfolio in periods when the market returns are extreme (both positive and negative), 

but perform poorly the rest of time. I show empirically that proxies for extreme market 

returns command a negative price in the cross-section of portfolios sorted by IVOL. 
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Portfolios with high IVOL have high exposures to extreme market returns. The option-

induced convex return pattern thus generates a negative alpha for the high-IVOL stocks, 

although the empirical result shows that it only partly explains the IVOL puzzle. 

The analysis of the longer-term performance and return reversal properties of the IVOL 

puzzle sheds new light on the debate about the existing explanations of the IVOL puzzle 

as well as suggesting new explanations. The existing explanations of the IVOL puzzle 

may apply to some degree, but a full explanation needs to account for my empirical 

evidence that the IVOL puzzle is persistent over a longer horizon and is independent of 

stock performance in the portfolio formation month. Cao and Xu (2010) decompose 

IVOL into short-run IVOL and long-run IVOL, and find that future returns are 

negatively related to short-run IVOL but positively related to long-run IVOL. In this 

paper I focus on the IVOL estimated in the formation month which contains both short-

run and long-run IVOL components, and the study of the longer-term IVOL puzzle 

suggests that the negative IVOL-return relation dominates the positive IVOL-return 

relation over a longer horizon. Several more recent studies put forward explanations 

based on arbitrage asymmetry or skewness risk. Stambaugh, Yu and Yuan (2015) argue 

that arbitrage is asymmetric as shorting overpriced stocks is more difficult than buying 

underpriced stocks, particularly among the high-IVOL stocks, so the overall IVOL-

return relation in the subsequent month is negative and presents as the IVOL puzzle. 

Schneider et al. (2016) argue that the high-IVOL stocks tend to be the firms whose 

return distributions are negatively skewed due to credit risk. The negative relation 

between stock returns and IVOL reflects the unaccounted skewness risk. The real-

option based explanation proposed in this paper can be related to Stambaugh et al. 

(2015) and Schneider et al. (2016) to the extent that the convex return pattern of the 

high-IVOL stocks is a transformation of mispricing or unaccounted skewness risk.  
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The paper is organized as follows. In Section 3.2, I discuss the data and variable 

construction. In Section 3.3, I empirically examine the return reversal properties of the 

high-IVOL stocks, and the portfolio performance over a longer holding horizon. In 

Section 3.4, I examine a potential explanation of the IVOL puzzle based on the convex 

return pattern induced by real options. Section 3.5 reports on robustness tests. Section 

3.6 concludes. 

3.2 Data and IVOL Measurement 

In this section, I discuss the main sample and the construction of the main variables. 

The full sample includes all common stocks (SHRCD 10,11) listed on NYSE, AMEX 

and NASDAQ stock exchanges (EXCHCD 1,2,3), from July 1963 to December 2014. I 

obtain the daily and monthly stock return data from CRSP and obtain the annual 

financial data from COMPUSTAT. I follow Shumway (1997) to adjust the delisting 

returns. The daily and monthly Fama-French factors, the momentum factor and the 

monthly NYSE size breakpoints are from Kenneth French’s website. The liquidity 

factor is from Lubos Pastor’s website. The business cycle breakpoints are from NBER. 

In the main sample, I exclude the penny stocks at the end of the portfolio formation 

month. Penny stocks are defined as stocks having a price below $5 before April 2001 or 

below $1 thereafter. The IVOL puzzle is robust on both a value-weighted and an 

equally-weighted basis in my main sample. Early studies such as Bali and Cakici (2008) 

use the full sample including penny stocks and find that the IVOL puzzle is robust only 

on a value-weighted basis. Chen et al. (2012) address this concern by excluding penny 

stocks (price below $5) from the sample. Chen et al. point out that the estimated IVOL 

of the penny stocks tend to be high by construction due to the minimum tick size effect, 

and therefore penny stocks should be excluded from the sample. 3F

4
 I follow Chen et al. 

                                                           
4
 Chen et al. (2012) also show that the IVOL puzzle is stronger after excluding microcap stocks (those 
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(2012) but use a less stringent filter. Taking into account the fact that the minimum tick 

size has been decimalized to one cent for all stock exchanges in the US since April 

2001, the minimum tick size effect on the estimation of IVOL is largely reduced. 4F

5
 In 

Appendix Table 3.A1, I compare the robustness of the IVOL puzzle in samples with 

different restrictions on stock prices. 

The key variable IVOL is measured following Ang et al. (2006). Each month, the daily 

excess returns of each individual stock are regressed on the daily Fama-French three 

factors, 
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(3.1) 

where d is the subscript for the day and t is the subscript for the month. The stocks in a 

month are required to have at least 12 trading-day observations. The monthly IVOL of 

the stocks is computed as the standard deviation of the daily return regression residuals 

(
, ,i t

 ) multiplied by the square root of the number of trading days in the month (
t

N ). 

The average of the monthly IVOL in my sample is 10.26%. This number is comparable

with the previous studies which exclude penny stocks, and slightly lower than those 

reported in the previous studies which include penny stocks.  

I follow Huang et al. (2010) and use the raw stock return over the portfolio formation 

month (
t

r ) to capture the short-term return reversal effect (Rev). I follow Fama and 

French (1992) to construct the book-to-market ratio (B/M) and size. The CAPM beta is 

stocks with market capitalization below the NYSE 10% size cut-offs). In Appendix Table 3.A2, I show 

that this is still a result of excluding penny stocks and therefore I do not apply an additional filter to 

exclude microcap stocks from my sample. 
5
 http://www.northinfo.com/documents/94.pdf; http://articles.latimes.com/2001/jan/26/business/fi-17207. 
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estimated using a 36-month rolling window. Momentum (Mom) is measured as the 

cumulative return over months t-6 to t-1. Following Amihud (2002), illiquidity is 

measured as the absolute value of daily returns divided by daily dollar trading volume, 

averaged over the past month. The final sample consists of 3728 stocks in each month 

on average. 

3.3 Empirical Results 

Hou and Loh (2016) find that the explanations based on short-term return reversals are 

prominent possible explanations of the IVOL puzzle, but can capture only part of the 

puzzle. In this section, I investigate empirically the reasons why return reversals cannot 

fully explain the IVOL puzzle, and explore potential explanations implied by the 

findings.  

In the following empirical studies, I denote the portfolio formation month as month t. 

IVOLi,t is estimated using daily returns over this month, and the stock return over this 

month 𝑟𝑖,𝑡 is used as the proxy for the return reversal effect Revi,t where the subscript i 

denotes an individual stock. All the stocks are sorted by IVOL at the end of month t and 

held as portfolios. I denote the one-month holding horizon as month t+1, which is 

equivalent to the “subsequent month” as it is frequently referred to in the existing 

studies. I also use t+2, t+3…t+K to denote the second, third…and K
th

 holding month 

when the portfolios are held over a longer holding horizon. In the main empirical 

analyses, I use equally-weighted portfolio returns and use the Fama-French three-factor 

model to compute the risk-adjusted returns; robustness tests with value-weighted returns 

and different asset pricing models are also conducted. 

3.3.1 The IVOL puzzle 

I begin by presenting the IVOL puzzle and briefly clarifying the existing empirical 

results on the relation between the IVOL puzzle and return reversals. In Table 3.1, I sort 
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the stocks into 10 deciles by IVOL at the end of each month and hold the portfolios in 

the subsequent month. Panel A reports the Fama-French three-factor regression results. 

The monthly risk-adjusted return of the high-minus-low IVOL portfolio is -1.24%. 

Furthermore, this negative risk-adjusted return is mainly due to the return of -1.06% on 

the high-IVOL decile. This finding is consistent with previous studies showing that the 

high-IVOL stocks drive the IVOL puzzle. Panel A also shows that the high-IVOL 

decile has significant positive loadings on the market and SMB factors, and has a 

significant negative loading on the HML factor, suggesting that the high-IVOL stocks 

tend to be high beta, small, and growth stocks. Panel B reports the means of the main 

characteristics of each IVOL decile. In addition to the features identified in Panel A, the 

high-IVOL decile on average also has higher past 6-month returns and lower liquidity 

compared with the low-IVOL decile, but Ang et al. (2006, 2009) have shown that size, 

value, liquidity, and momentum cannot explain the IVOL puzzle. Panel B also shows a 

large difference between the average returns earned over the formation month by the 

two IVOL tail deciles. The Revt for the high-IVOL decile is 8.51%, suggesting that a 

strong return reversal may occur in the subsequent month. Fu (2009) and Huang et al. 

(2010) argue that the one-month short-term return reversals take place among the high-

IVOL stocks due to various microstructure effects such as the bid-ask bounce (Roll, 

1984). 

[Insert Table 3.1 here] 

Fama-MacBeth regression is another commonly used approach to studying the asset 

pricing anomalies in the cross-section. The results using this approach are shown in 

Table 3.2, which provides details of the conflicting empirical results on whether short-

term return reversals explain the IVOL puzzle. In Panel A, I use the sample without any 

restrictions on stock prices. The first two rows show that the corresponding coefficient 

of IVOL is highly significant and has a negative sign, which cannot be explained by 
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common control variables including β, size, B/M and momentum. In model 3, I include 

the measure of return reversal Revt in the regression as a control variable. Revt is 

significantly priced with a negative sign but the magnitude of the IVOL coefficient is 

reduced by more than half and becomes statistically insignificant. This result is 

consistent with Huang et al. (2010) who show that short-term return reversals capture 

the IVOL puzzle. However, Chen et al. (2012) find a conflicting result after excluding 

penny stocks. In Panel B, I use the main sample which excludes the penny stocks. 

Model 2 shows that the IVOL puzzle effect is stronger in both magnitude and statistical 

significance compared with those reported in model 2 of Panel A. More importantly, 

after including Revt in model 3, the IVOL coefficient remains strongly significant and 

the magnitude of the coefficient is only partially reduced. 

[Insert Table 3.2 here] 

The comparison in Table 3.2 suggests that the short-term return reversal arguments 

proposed by Huang et al. (2010) and Fu (2009) might capture only some of the high-

IVOL stocks that drive the IVOL puzzle. While the penny stocks add noise into their 

study (because such stocks are highly illiquid and have high estimated IVOL due to the 

minimum tick size effect) they cause very little of the IVOL puzzle. 

3.3.2 Why do short-term return reversals explain only part of the puzzle? 

Hou and Loh (2016) find that while explanations based on short-term return reversals 

do not fully explain the IVOL puzzle, they remain prominent possible explanations. 

This result suggests that the high-IVOL stocks may not only follow a return reversal 

pattern, but also that a further study in this line of research could provide a useful and 

detailed understanding of the return pattern of high-IVOL stocks. Following this idea, I 

investigate the “partial success” of short-term return reversals from the following two 

aspects jointly. First, is the IVOL puzzle a “short-term” phenomenon? I explore this 
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question by considering longer holding horizons of up to 12 months. Second, do high-

IVOL stocks follow a return reversal pattern? I explore this question by decomposing 

the high-IVOL stocks into subgroups with different returns in the formation month.  

For each month, I sort the stocks by IVOL into deciles and form portfolios of the stocks 

in each decile. Since the IVOL puzzle is mainly driven by the high-IVOL stocks, I focus 

on the top IVOL decile (which consists of 373 stocks on average) in the following 

analyses. 5F

6
 The portfolios are held over the subsequent month (t+1) as adopted in most 

of the existing studies, but I continue holding the portfolios over longer horizons of up 

to 12 months. Then I compute the month-by-month risk-adjusted returns of the top 

IVOL decile. I report the result in the first row of Table 3.3. The high-IVOL stocks 

generate a risk-adjusted return of -1.17% on average in the subsequent month (t+1); and 

the negative return continues beyond t+1 and remains significant in each month from 

t+2 to t+12. The sum of the monthly risk-adjusted returns of the top IVOL decile is 

more than 6% in magnitude from t+2 to t+12. This finding is in line with Ang et al. 

(2006) and Chen and Petkova (2012), and suggests that the IVOL puzzle does not 

diminish quickly after the first one or two holding months; rather, it persists over a 

longer holding horizon.  

[Insert Table 3.3 here] 

The top IVOL decile has an average return of 8.51% (Revt) in the formation month, and 

then generates continuing low future returns. Thus the top-IVOL decile appears to 

produce a return reversal pattern, and the persistence of low future returns may be 

caused by strong market frictions that slow the reversion from high past returns. Next, I 

investigate whether this alternative is indeed the case.   

                                                           
6
 The conclusions are unchanged if I use quintile sorting or use a long-short portfolio by going long in the 

highest-IVOL stocks and going short in the lowest-IVOL stocks. 
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Under the short-term return reversal argument in Huang et al. (2010), high-IVOL stocks 

with positive Revt reverse in the subsequent month and exhibit low returns, while high-

IVOL stocks with negative Revt reverse and exhibit high returns in the subsequent 

month. On average, the high-IVOL stocks with positive Revt dominate and hence 

generate the IVOL puzzle. To test this argument, within the top IVOL decile, I examine 

separately the stocks with positive (negative) Revt over the portfolio formation month. A 

stock with positive (negative) Revt means it has a good (poor) performance over the 

portfolio formation month and, if the return reversal argument holds, there will be on 

average a low (high) return in the subsequent month. 

The last two rows of Table 3.3 report the results. The subgroup with positive Revt 

consists of 221 stocks per month on average, and comprises about 60% of the number 

of stocks in the top IVOL decile. The subgroup with negative Revt consists of 152 

stocks, contributing a smaller but still significant proportion. The subgroup with 

positive Revt generates large positive returns over the formation month, and then shows 

a return reversal pattern in which its future returns continue to be significantly negative 

for at least 6 months. In contrast, return reversals do not occur among the subgroup with 

negative Revt. In particular, this subgroup experiences a large loss in the formation 

month, but the future returns continue to be significantly negative for 12 months. 

Moreover, the magnitude of the monthly risk-adjusted returns for the subgroup with 

negative Revt is also very large (over 0.90% in the first 6 holding months), suggesting 

that the IVOL puzzle is actually stronger among the high-IVOL stocks which 

experience poor performance in the formation month. 6F

7

7
 I include stocks with zero returns in the formation month in the positive-return subgroup but their 

number is very small (8 out of 373). The results are unchanged if instead I include them in the negative-

return subgroup. 
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A simple sorting by the sign of Revt may not properly capture the return reversal effect, 

especially in periods when most stocks in the cross-section perform well or poorly 

together. Therefore, I conduct a more general sort by Revt. In particular, I evenly sort 

the top IVOL decile into 5 subgroups by their performance in the formation month. The 

results, reported in Table 3.4, show that all 5 subgroups strongly exhibit the IVOL 

puzzle. In month t+1, all risk-adjusted returns are negative and significant, ranging from 

-0.53% to -1.44% across the 5 subgroups. Beyond the first holding month, the IVOL 

puzzle is stronger among the two subgroups with lowest Revt. The magnitude of the 

negative risk-adjusted returns in the highest Revt subgroup declines substantially after 

month t+1, suggesting that the short-term return reversal effect is strong in this 

subgroup of high-IVOL stocks. 

[Insert Table 3.4 here] 

In summary, the findings in this subsection suggest that only the subset of high-IVOL 

stocks which perform well in the formation month show a return reversal pattern, 

whereas the subset of high-IVOL stocks which perform poorly in the formation month 

continue to lose in the future rather than exhibit return reversal. 7F

8
 Both the high-

performing and low-performing subgroups of high-IVOL stocks contribute to the 

puzzling low subsequent returns, with the latter subgroup exhibiting the IVOL puzzle 

even more strongly than the former. This fact explains why the short-term return 

reversal arguments can account for only part of the IVOL puzzle. Furthermore, in both 

subgroups the IVOL puzzle persists for a holding horizon of up to 12 months, 

suggesting that the IVOL puzzle is not only a short-term phenomenon, but could also be 

driven by longer-term fundamental source(s).    

                                                           
8
 Robustness tests on the high-IVOL decile with regard to longer-term performance and return reversals 

are presented in Section 3.5. The conclusions are unchanged. 
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It is possible, however, that the apparent persistence of the IVOL puzzle is an 

artefactual result of rolling one-month reversal effect. To see how this result might 

arise, assume that the IVOL puzzle is only a one-month phenomenon driven by some 

purely short-term source that causes a high-IVOL stock in the formation month t to 

generate a negative return in month t+1. Now assume that this stock remains a high-

IVOL stock in month t+1, and hence earns a negative return in month t+2, driven by the 

same short-term source. If this stock’s IVOL is persistently high over time, then we will 

observe persistence in the IVOL puzzle which is a spurious result of a rolling one-

month IVOL puzzle. I test this argument by examining whether the persistence in IVOL 

drives the persistence in the IVOL puzzle.  

I start with the stocks in the top IVOL decile in the formation month t (group H). In the 

next month t+1, I divide group H into two subgroups, the first of which comprises those 

stocks that remain in the top IVOL decile (group HH), while the other comprises those 

stocks that are no longer in the top IVOL decile (group HL). I then repeat the same 

sorting procedure on groups HH and HL in month t+2. In Table 3.5, I report the 

monthly risk-adjusted returns for each portfolio. The results have four significant 

features. First, the persistence in the cross-sectional ranking of IVOL is not high: only 

35% of the stocks (131 out of 373) remain in the top IVOL decile after the first month, 

and only 17% remain after two months. Second, there is a positive relation between 

IVOL and returns for those stocks with persistently high IVOL (i.e. HH and HHH). 

Third, the IVOL puzzle effect comes from those stocks which no longer belong to the 

top IVOL quintile (i.e. HL, HLL and HHL). Fourth, consistent with the main finding in 

Table 3.3, those high-IVOL stocks (HL and HLL) that perform poorly in the first two 

months continue to have negative returns thereafter, suggesting that return reversals are 

insufficient to explain the IVOL puzzle. 

[Insert Table 3.5 here] 
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3.3.3 Candidate risk-based explanations  

In this subsection, I examine several existing risk-based IVOL puzzle explanations that 

imply a persistent relation between IVOL and stock returns. Ang et al. (2006) argue that 

the negative pricing effect of IVOL is most likely caused by risk factors missing from 

the standard asset pricing models. I use the following model to illustrate how the 

estimated IVOL is related to the missing risk factor. 
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  (3.2) 

where d denotes one trading day in month t. F is a risk factor missing from the Fama-

French three-factor model. Fd,t is the realization of the missing factor F.  Assume 
, ,F d t

  is 

the price of F. 
, ,i d t

  is the observed residual return and 
, ,i d t

u  is the residual return that is 

not correlated with F. As a result, the observed idiosyncratic variance (
2

, ,i t
 ) consists of 

two components: 
2 2

, , ,F i t F t
   which is the squared exposure to the missing risk factor and 

the variance of the missing risk factor, and 
2

, ,u i t
  which is the “true” idiosyncratic 

variance. Stocks with higher
2 2

, , ,F i t F t
   are more likely to have higher estimated IVOL. 

Hence, sorting stocks based on the estimated IVOL may reflect the cross-sectional 

difference in the exposure to the missing risk factor F.8F

9
  

For the missing risk factor to be able to explain the IVOL puzzle under this framework, 

existing studies usually find a missing risk factor which is negatively priced, and the 

                                                           
9
 The magnitude rather than the sign of the exposure to the missing risk (βF) determines the measure of 

estimated IVOL, because β
2
σ

2
 is in squared terms. Since the IVOL puzzle is mainly driven by high-IVOL 

stocks, the high-IVOL stocks should have the highest absolute value of βF compared to all other stocks in 

the cross-section to generate the IVOL puzzle. 
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high-IVOL stocks have the highest exposure to this missing risk factor. Therefore the 

risk premium (
, , ,F i t F t

  ) associated with the high-IVOL stocks is negative. For example, 

Ang et al. (2006) argue that the market aggregate variance is a missing risk factor which 

is negatively priced, but its ability to explain the IVOL puzzle is limited. In a follow-up 

study, Chen and Petkova (2012) decompose the market aggregate variance into an 

average variance component (AV) and an average correlation component (AC), and 

show that exposure to innovations in AV helps to explain the IVOL puzzle. Duarte et al. 

(2014) argue that the presence of commonality in IVOL is a result of missing risk 

factor(s). Duarte et al. adopt a statistical method and compute the common IVOL factor 

which is the first principal component of a panel of IVOL as a proxy for the missing 

risk factor.  

I examine the ability of these proposed missing risk factors to explain the persistence of 

the IVOL puzzle, with a particular focus on the two subgroups of the top IVOL decile 

with positive and negative Revt. I construct the PAV factor which is the monthly excess 

returns on the mimicking portfolios for innovations in AV as documented in Chen and 

Petkova (2012). A mimicking portfolio is constructed as a portfolio that is long in the 

quintile with the highest exposure to innovations in AV and short in the quintile with the 

lowest exposure to innovations in AV, where the exposure to innovations in AV for each 

stock is estimated monthly using monthly returns over a 60-month rolling window. 

Similarly, the PIV factor is the monthly excess returns on the mimicking portfolios for 

the common IVOL factor as documented Duarte et al. (2014). Duarte et al. argue that a 

common factor structure must exist in the estimated IVOL if there is any missing risk 

factor in the traditional asset pricing model. Duarte et al. use stocks with high exposure 

to common IVOL components as a proxy for the missing risk factors and relate the 

time-series variation in the common IVOL component to the default spread and market 
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volatility.
10

  

I augment the Fama-French three-factor model with PAV and PIV factors to examine 

the returns of the top IVOL decile and repeat the same analysis as in Table 3.3.
11

 I 

report the results in Table 3.6. In Panel A, after adding the new factor PAV, the monthly 

risk-adjusted returns of high-IVOL stocks are still significantly negative for at least 6 

months. The magnitude of the risk-adjusted returns is almost unchanged compared with 

the returns shown in Table 3.3, for all stocks in the top IVOL decile and for the two 

subsets with different formation-month returns. This result is consistent with Hou and 

Loh (2016) who find that exposure to innovations in AV does not help to explain the 

IVOL puzzle. In Panel B, adding the PIV factor considerably reduces the magnitude and 

the persistence of the returns of high-IVOL stocks. For the top IVOL decile, the risk-

adjusted returns in month t+1 change from -1.17% (see Table 3.3) to -0.69%, and the 

magnitude decreases substantially thereafter. Furthermore, for the subgroup with 

positive Revt, only the risk-adjusted returns in the first two months remain significant; 

for the subgroup with positive Revt, the negative risk-adjusted returns are significant for 

6 months, but the magnitude is reduced substantially. 

[Insert Table 3.6 here] 

The result in Table 3.6 shows that the PIV factor explains the persistence of the IVOL 

puzzle over a longer holding horizon, and it also explains a large proportion of the 

                                                           
10

 Ang et al. (2006) also propose that innovations in the market aggregate variance are a missing risk 

(FVIX factor), but they find that this factor has limited ability to explain the IVOL puzzle. Herskovic et 

al. (2016) use a different approach from Duarte et al. (2014) to estimate the exposure to the common 

IVOL factor but also find it cannot explain the IVOL puzzle. Herskovic et al. do not interpret the 

common IVOL factor as a result of missing risk factors. 
11

 An alternative approach to test whether PAV and PIV explain the IVOL puzzle is to include these 
factors into the IVOL estimation regression, and then test whether the IVOL puzzle survives. According 
to model (3.2), if the IVOL puzzle is driven by missing risk factor(s), then including the missing risk 
factor(s) into the regression model to estimate IVOL would reduce or even eliminate the IVOL puzzle. In 
this paper, I follow Ang et al. (2006) to use Fama-French three-factor model to estimate the IVOL to 
make the results more comparable to the existing literature.  
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puzzle in the first two holding months. This finding is not necessarily inconsistent with 

the explanations based on short-term return reversals. In fact, this finding complements 

the result in Huang et al. (2010), Bali et al. (2011), and Hou and Loh (2016) who find 

that short-term return reversal and investors’ lottery-like behaviour explain a significant 

proportion of the IVOL puzzle in the subsequent month, but are less able to explain the 

longer-term persistence of the puzzle where some potential fundamental source(s) play 

a more important role.  

3.4 An Explanation Based on Real Options 

The results so far suggest that the IVOL puzzle is persistent for 12 months, irrespective 

of stock performance in the portfolio formation month. In this section, I further explore 

the economic content underlying the IVOL puzzle. For this purpose, I investigate the 

industry composition of the portfolios sorted by IVOL with a particular focus on the 

option-like characteristics of the high-IVOL stocks, and I propose that the convex return 

pattern of the high-IVOL stocks can drive the negative IVOL-return relation. 

3.4.1  Industry composition of the high-IVOL stocks 

I explore the industry composition of the IVOL-sorted portfolios and show that the 

high-IVOL stocks tend to be concentrated in industries with many real options. In Table 

3.7, I report the industry distribution using the Fama-French 5 industries classification. 

The first two columns (1 and 2) compare the monthly average percentages of the stocks 

in a given industry between the full sample and the top 20% IVOL quintile. 10F

12
 The 

results show that high-tech (HiTech) firms comprise 23.65% of the top IVOL quintile, 

which is 8.41 percentage points higher than their overall average. Similarly, in the top 

IVOL quintile, the contribution of the health industry (Hlth) firms is 2.86 percentage 

points higher than its overall average.  

12
 I use quintile sorting rather than decile sorting to keep a larger number of stocks in each industry, 

especially in a 48-industry sorting. 
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[Insert Table 3.7 here] 

The last two columns (3 and 4) of Table 3.7 compare the average ratio of research and 

development (R&D) expenditures to total assets in a given industry in the full sample 

and in the top IVOL quintile. Following Chen and Petkova (2012), I match the IVOL in 

month t with the R&D data from the most recently completed fiscal year. In both the 

full sample and the top IVOL quintile, the High-Tech and Health industries always have 

much higher average R&D ratios than other industries. In addition, in any given 

industry, the average R&D ratios in the top IVOL quintile are higher than their overall 

average in the full sample. These results suggest that high-IVOL stocks tend to have 

higher R&D ratios both at the industry level and within each industry. I confirm this 

finding in a 48-industry sorting. 11F

13
  

The R&D ratio is a noisy but commonly used proxy for real options. High-IVOL stocks 

tend to have many real options. Chen and Petkova (2012) argue that the value of real 

options held by the high-IVOL stocks will increase during bad market periods which are 

usually accompanied by an increase in market-wide volatility, thus serving as a hedge 

against bad markets. I examine an alternative channel that implies a negative relation 

between IVOL and expected stock returns through real options. 

3.4.2 Convex return pattern of the option-like stocks 

The industry composition analysis shows that high-IVOL stocks are concentrated in the 

industries with many real options. Holding a high-IVOL portfolio can be considered as 

                                                           
13

 In an investigation using the Fama-French 48 industries distribution, I find that industries with high 

R&D ratios tend to have a higher concentration in the high-IVOL quintile. Examples of such industries 

include industries 12 (medical equipment), 13 (pharmaceutical products and drugs), 34 (business 

services), 35 (computers), and 36 (computer software), where the numbers indicate the industry code used 

in Fama-French’s classification. Additionally, industries 28 (mines) and 30 (petroleum and natural gas) 

also have a very high concentration in the high-IVOL quintile relative to the full sample but have 

relatively low R&D ratios. A potential reason is that the real options of the mining and oil industries 

could be better represented by undiscovered potential deposits rather than R&D expenditures. 
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buying a call option with high convexity. Jagannathan and Korajczyk (1986) document 

that the payoff structure of option-like stocks is nonlinear; a portfolio strategy of buying 

call option-like stocks will exhibit an “artificial” negative alpha. 

The theoretical framework of Jagannathan and Korajczyk (1986) may be explained as 

follows. Consider a portfolio strategy in which the investor buys a one-period call 

option on the market index each period. Vt is the value of the market index (assume no 

dividends for simplicity), K is the strike price of the call option and C is the current 

price of the call option. Then the excess return on the portfolio Rp,t is (merely) the 

excess return on the call option: 

,
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Jagannathan and Korajczyk (1986) show that in an OLS regression of the portfolio 

excess return on the excess return of the market portfolio, the estimate of the alpha is 

negative and  ˆ 1 0
f

R     and the estimated beta ˆ .   If a higher strike price is

chosen, the estimated alpha becomes more negative and the estimated beta is higher. 12F

14

14
 A higher estimated beta of stocks with many real options is also consistent with the finding that high-

IVOL stocks have high beta as presented in Panel B of Table 1. 
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The framework illustrates the fact that when a portfolio consists of more option-like 

stocks, the estimated alpha of the portfolio in an OLS regression will be spuriously 

more negative. 

 

Figure 1 The return patterns of portfolios with different optionality 

I use Figure 1 below to further illustrate the idea. The horizontal-axis represents the 

market excess return and the vertical-axis represents the portfolio excess return. The 

return pattern of a portfolio with no optionality is plotted as a solid straight line, in 

which the slope is beta and the intercept (alpha) is zero. The return pattern of a high-

IVOL portfolio is convex, induced by real options (solid curve). In an OLS regression, 

the estimated alpha is negative artificially, and the beta is high. Another interpretation is 

that the high-IVOL portfolio performs better than the market during extreme periods on 

both the negative and positive ends but performs worse during normal periods. Given 
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that most market periods are not extreme periods, the estimated alpha of a highly 

option-like portfolio is negative on average. In times of low volatility, the option-like 

portfolio will seemingly underperform because of the cost of acquiring/maintaining the 

option position (negative selection) without compensation through market timing. In 

times of high volatility, the option portfolio will seemingly outperform because the 

option exposure yields a positive return that is not properly accounted for using just the 

market return to correct for risk and will therefore show up in the alpha. Since low-

volatility regimes are more prevalent than high-volatility regimes, the average option-

like portfolio will exhibit a negative alpha. 

I test empirically whether the IVOL puzzle is an artefact of the real-option induced 

convex return pattern of high-IVOL stocks. I construct two measures as proxies for 

extreme market returns: (1) the squared value-weighted market return ( 2

m
r  ) and (2) a 

dummy variable (Dummy) which equals one when the monthly market return is extreme 

(ranked in the top or bottom 5% over the full time-series from July 1963 to December 

2014) and equals zero otherwise. According to the prediction of the theoretical analysis, 

the high-IVOL stocks should have high exposure to the measures of extreme market 

returns and the measures of extreme market returns should be negatively priced in the 

cross-section. 

I estimate the unconditional exposure of the individual stock returns to 2

m
r  and Dummy 

over the full time-series in my sample. The estimated 2

m
r

  and 
D u m m y

 are reported in

Panel A of Table 3.8. Consistent with the prediction, the average loadings on the 

measures of extreme market returns exhibit a monotonic increasing pattern from the 

bottom IVOL decile to the top IVOL decile. For example, the average 2

m
r

  of the top 

IVOL decile is 1.71, which is much larger than the average 2

m
r

 of the lowest IVOL
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decile (0.79). I examine the price associated with the measures of extreme market 

returns in the Fama-MacBeth regression. The corresponding coefficients of 2

m
r

  and 

D u m m y
 are significant and have a negative sign, suggesting that exposure to extreme 

market returns is negatively priced. 

[Insert Table 3.8 here] 

Putting the findings in Panel A and B together, high-IVOL stocks tend to have high 

exposure to extreme market returns, which is negatively priced, generating a negative 

alpha for the high-IVOL stocks. However, the IVOL coefficients in Panel B of Table 

3.8 remain significantly negative after controlling for 2

m
r

  or ,
D u m m y

  suggesting that the 

negative alpha generated from the real-option induced convex return pattern has limited 

ability to capture the IVOL puzzle. In Appendix Table 3.A3 and Table 3.A4, I use the 

analysts’ long-term growth forecasts (LTGFs) as an alternative proxy for real options, 

and show that the LTGFs also helps to reduce the IVOL puzzle. 

3.5 Robustness 

In this section, I conduct various robustness tests corresponding to the main results 

reported in Tables 3 and 4. I divide the high-IVOL decile into two subgroups by the 

proxies for short-term return reversals, and then examine the performance of each 

subgroup over a longer holding horizon of up to 6 months. The results are reported in 

Table 3.9. 

[Insert Table 3.9 here] 

(A) Alternative asset pricing models 

The risk-adjusted returns in the main results are computed from the Fama-French three-
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factor model. In Panel A of Table 3.9, I apply the Carhart (1997) four-factor model. 

Consistent with the result reported in Table 3.3, the negative risk-adjusted returns still 

show a significant continuation beyond the first holding month, for both subgroups with 

positive and negative Revt. In addition, the inclusion of the momentum factor helps to 

reduce the magnitude of the negative risk-adjusted returns considerably over the longer 

holding horizon especially after the first two holding months. This finding is consistent 

with the idea that the high-IVOL stocks persistently earn low returns after portfolio 

formation, and then turn into past-loser stocks; thus the Carhart momentum factor 

would capture this momentum effect. 13F

15
 Using the Fama and French (2015) five-factor 

regression shows a similar result (unreported). The IVOL puzzle persists for up to 5 

months after portfolio formation, but the magnitude is significantly reduced over the 

longer holding horizon. The findings here are also consistent with the analysis in 

Section 3.4, showing that some missing risk factor(s) could be a source of the IVOL 

puzzle. 

(B) Dynamic risk loadings

In the main results, I compute the risk-adjusted portfolio returns using constant risk 

loadings. Grundy and Martin (2001) and Korajczyk and Sadka (2004) emphasize the 

importance of dynamic risk loading in adjusting the long-short portfolio returns. 

Following Korajczyk and Sadka (2004), I compute the risk-adjusted returns on the high-

IVOL portfolio using dynamic risk loadings up to 6 lags. Panel B suggests that applying 

dynamic risk loadings has limited ability to explain the IVOL puzzle and its persistence 

over a longer holding horizon. 

15
 During the momentum crash periods (when the market “rebounds”, the past losers rise much more than 

the past winners do, causing a large loss from a momentum strategy), the stock returns on the Carhart 

momentum factor tend to be either extremely high or extremely low. In an unreported result, I examine 

only the set of months in which the realized Carhart factor was less than 25% in absolute value but 

otherwise use the FF-3 + Carhart factor model. The IVOL puzzle is more persistent in this case. 
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(C) Value-weighted returns 

I compute the equally-weighted portfolio returns in the main results of the paper. In 

Panel C, I report the portfolio returns on a value-weighted basis. The magnitude of the 

value-weighted risk-adjusted returns is even greater than the corresponding equally-

weighted risk-adjusted returns reported in Table 3.3, especially for the high-IVOL 

stocks with negative Revt. 

(D) Use risk-adjusted returns to measure return reversals 

In the main results, I follow Huang et al. (2010) and use the individual stocks’ raw 

returns over the formation month as a proxy for short-term return reversals. As a 

robustness test, I instead use risk-adjusted returns over the formation month to measure 

short-term return reversals. I follow Blitz, Huij, and Martens (2011) and compute the 

monthly risk-adjusted (residual) returns from the Fama-French three-factor model over 

the full sample period. I then use the residual returns over the formation month to sort 

the high-IVOL stocks into two subgroups with positive Residualt and negative 

Residualt. Panel D shows that the result is unchanged. Both subgroups exhibit 

significant negative risk-adjusted returns over the 6-month holding horizon. 

(E) Size 

I examine whether the persistence of the IVOL puzzle is related to size. In Panel E, 

those high-IVOL stocks whose size at the end of the formation month is greater than the 

20% NYSE size breakpoint are sorted into the “M/L” (for medium/large) group. Those 

whose size is below the 20% NYSE size breakpoint are sorted into the “Small” group. 

Then, in each size subgroup, stocks are further sorted by Revt.14F

16
 There are two main 

                                                           
16

 This is a conditional triple sorting. All the stocks are sorted by IVOL first, then sorted by size, and 

lastly sorted by past returns conditional on the previous two sortings. 
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findings. First, on average only 81 out of 373 high-IVOL stocks are in the M/L group, 

confirming that the IVOL puzzle is concentrated in relatively small stocks. Second, the 

persistence of the negative returns on the high-IVOL stocks is robust to all of the four 

size- and Revt -sorted subgroups. 

(F) Business cycle 

In the main results, I ignore the business cycle phases. In Panel F, I examine the IVOL 

puzzle persistence and the return reversals of high-IVOL stocks in different phases of 

the business cycle. Similar to subsection 5.5, High-IVOL stocks are split into 

“Recession” and “Expansion” subgroups based on whether the formation month falls 

into recession or expansion periods as defined by NBER business cycle dates. The 

result in the Expansion subgroup is consistent with the main result. The magnitude of 

negative risk-adjusted returns is stronger in the Recession subgroup, but the significance 

lasts for only 2-3 months. The lack of statistical significance may be due to limited 

observations of recession periods and the shortness of each recession period.  

(G) January effect 

In the main results I did not take into account the January effect on stock returns. Doran, 

Jiang, and Peterson (2012) and Chen et al. (2012) document that the IVOL puzzle is 

significant only for non-January months; in January the IVOL-return relation turns 

positive. I split the high-IVOL stocks into “Jan” and “Non-Jan” subgroups based on 

whether the first holding month falls in January, and report the result in Panel G. The 

IVOL puzzle is robust and persistent over a longer holding horizon in non-January 

periods, for both subgroups with positive and negative Revt.. The IVOL-return relation 

in January is significantly positive, which is consistent with previous studies. In 

January, the return reversal now occurs in the negative Revt. subgroup, which produces 
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a high risk-adjusted return of 2.24% in month t+1, while the positive Revt. subgroup 

continues to earn a positive return in month t+1. The returns beyond month t+1 revert to 

negative for both subgroups.  

3.6 Conclusions 

The findings in Hou and Loh (2016) recognize that while explanations based on short-

term return reversal cannot fully account for the IVOL puzzle, they remain prominent 

possible explanations. In contrast, many of the other existing explanations explain little 

of the IVOL puzzle. I provide new empirical evidence relevant to the debate on the 

explanations of the IVOL puzzle by investigating the longer-term performance and 

return reversal properties of high-IVOL stocks. I identify two reasons why short-term 

return reversals cannot fully explain the IVOL puzzle. First, I show that high-IVOL 

stocks—both those that performed well and those that performed poorly in the portfolio 

formation month—exhibit low returns over the subsequent month. The continuation of 

low returns for the large subset of high-IVOL stocks which performed poorly cannot be 

captured by return reversals. Second, the low future returns for both subgroups persist in 

a longer holding horizon up to 12 months; hence the IVOL puzzle is unlikely to be 

driven by only short-term sources. I also examine the ability of the existing risk-based 

arguments to explain the persistence of the IVOL puzzle. I find that the common IVOL 

factor proposed in Duarte et al. (2014) greatly reduces the magnitude of the IVOL 

puzzle in the longer holding horizon. 

I provide an economic interpretation for the persistence of the IVOL puzzle based upon 

the convex return pattern of high-IVOL stocks having many real options. In an industry 

composition analysis across IVOL quintiles, I find that the high-IVOL stocks tend to 

have a high ratio of R&D expenditure to total assets both at the industry level and 

within each industry, indicating that high-IVOL stocks have many real options. I follow 
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the theoretical framework in Jagannathan and Korajczyk (1986) and empirically test 

whether the IVOL puzzle is the result of a spurious negative alpha generated from an 

OLS regression on an option-like portfolio. I empirically show that the option-induced 

convex return pattern generates a negative alpha for the high-IVOL stocks, but it is 

insufficient to account for the IVOL puzzle completely. 

A full resolution of the IVOL puzzle requires an explanation of the empirical evidence I 

present in this paper that the IVOL puzzle is persistent over a longer horizon and is 

independent of stock performance in the portfolio formation month.  
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Table 3.1: Equally-weighted portfolio returns and factor loadings 

This table reports the portfolio returns, factor loadings and the average firm characteristics for the portfolios sorted by 

IVOL. The sample period is July 1963 - December 2014 excluding penny stocks (defined as stocks with prices below 

$5 before April 2001 and as stocks with prices below $1 thereafter) at the end of the formation month. RM, SMB and 

HML are the three Fama-French factors. Stocks are sorted by their IVOL at the end of month t (formation month). β is 

estimated from a CAPM regression using 36-month rolling windows. Size and B/M are estimated as in Fama and 

French (1992). IVOL is estimated as the volatility of residual returns from a Fama-French three-factor regression using 

daily returns in the portfolio formation month. rt+1 is the portfolio return in the holding month; Revt is the return in the 

portfolio formation month, which is a measure of short-term return reversal; Mom is the cumulative monthly returns 

during the 6 months prior to the portfolio formation month. Following Amihud (2002), illiquidity is measured as the 

absolute value of daily returns divided by daily dollar trading volume, averaged over the past month and multiplied by 

1000. N is the monthly average number of stocks in each portfolio. α, IVOLt, rt+1 and Revt are in percentages. The 

numbers in brackets are Newey-West t-statistics with six lags. 

IVOL decile 

Panel A Three-factor regression results 

L 2 3 4 5 6 7 8 9 H H-L

α 0.16 0.17 0.18 0.21 0.2 0.18 0.06 -0.02 -0.38 -1.17 -1.33

[2.18] [2.73] [2.83] [3.48] [3.57] [2.98] [1.02] [-0.31] [-4.57] [-9.45] [-8.09] 

βRM 0.61 0.83 0.91 0.96 1.00 1.05 1.08 1.13 1.13 1.09 0.48 

[30.75] [39.92] [41.13] [46.86] [57.41] [53.7] [53.12] [55.61] [41.92] [30.2] [10.13] 

βSMB 0.26 0.31 0.40 0.51 0.62 0.74 0.91 1.03 1.13 1.27 1.01 

[5.88] [5.24] [5.87] [7.10] [9.01] [10.94] [18.64] [33.51] [30.12] [16.66] [8.91] 

βHML 0.35 0.39 0.38 0.34 0.29 0.20 0.12 0.01 -0.08 -0.18 -0.53

[8.49] [7.24] [6.69] [6.04] [5.85] [4.57] [3.53] [0.22] [-2.06] [-2.38] [-4.89] 

R
2 0.83 0.90 0.93 0.94 0.95 0.96 0.96 0.95 0.93 0.88 0.69 

Panel B Average characteristics 

IVOLt 2.97 4.67 5.82 6.92 8.09 9.4 10.95 12.94 15.93 24.93 

rt+1 1.06 1.22 1.29 1.37 1.38 1.39 1.30 1.24 0.89 0.07 

Revt 0.38 0.48 0.60 0.67 0.78 0.97 1.23 1.67 2.67 8.51 

Mom 9.65 8.75 9.01 9.42 9.75 10.47 11.1 11.97 12.67 13.29 

β 0.71 0.87 0.98 1.06 1.15 1.23 1.31 1.37 1.43 1.44 

Size 4.39 3.16 2.14 1.51 1.07 0.75 0.56 0.38 0.27 0.16 

B/M 0.88 0.83 0.83 0.83 0.84 0.85 0.85 0.88 0.89 0.95 

Liquidity 0.37 0.49 0.67 0.88 1.12 1.57 1.99 2.99 4.64 10.94 

N 372 373 373 373 373 373 373 373 373 373 
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Table 3.2: Fama-MacBeth regressions 

This table reports the Fama-MacBeth regression results. The sample period is July 1963 - December 

2014. In Panel A, I use the sample including the penny stocks. In Panel B, I use the main sample which 

excludes the penny stocks. IVOL is estimated as the volatility of residual returns from a Fama-French 

three-factor regression using daily returns in the portfolio formation month. Rev is the stock return in the 

formation month as a measure of short-term return reversal. β is estimated from a CAPM regression using 

36-month rolling windows. Size and B/M are estimated as in Fama and French (1992). Mom is the

cumulative monthly return during the 6 months prior to the portfolio formation month. The numbers in

brackets are Newey-West t-statistics with six lags.

Panel A No restriction on price 

Model β Size B/M Mom Rev IVOL 

(1) 0 -0.02 0.26 0.43 

[0.02] [-1.98] [5.27] [2.08] 

(2) 0.04 -0.03 0.24 0.42 -2.4

[0.5] [-2.72] [5.07] [2.24] [-2.91] 

(3) 0.03 -0.02 0.25 0.42 -5.57 -1.09

[0.28] [-2.16] [4.94] [2.2] [-12.29] [-1.16] 

Panel B Main sample (excluding penny stocks) 

Model β Size B/M Mom Rev IVOL 

(1) 0.02 -0.02 0.23 0.97 

[0.18] [-1.9] [4.38] [5.53] 

(2) 0.12 -0.03 0.22 0.94 -5.8

[1.12] [-3.67] [4.24] [5.56] [-7.62] 

(3) 0.1 -0.03 0.22 0.9 -3.27 -4.54

[0.92] [-3.43] [4.28] [5.15] [-8.5] [-5.33] 
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Table 3.3: The performance of the top IVOL decile over a holding horizon of 12 months, controlling for Rev 

This table reports the risk-adjusted returns of the stocks in the top IVOL decile over a holding horizon of the 12 months from t+1 to t+12. The top IVOL decile is 

further divided into two subgroups based on the sign of Revt, which is the stock return over the portfolio formation month and is a proxy for short-term return reversals. 

N is the average number of stocks in each portfolio. The sample period is July 1963 - December 2014, excluding the penny stocks. The numbers in brackets are 

Newey-West t-statistics with six lags. 

  N Revt t+1 t+2 t+3 t+4 t+5 t+6 t+7 t+8 t+9 t+10 t+11 t+12 

Top decile 373 8.51 -1.17 -0.79 -0.71 -0.73 -0.59 -0.55 -0.46 -0.55 -0.45 -0.46 -0.43 -0.35 

  [-9.45] [-6.94] [-6.08] [-6.09] [-4.78] [-4.6] [-3.84] [-4.37] [-3.55] [-3.72] [-3.35] [-2.63] 

0
t

R ev    221 23.29 -1.35 -0.64 -0.48 -0.55 -0.42 -0.27 -0.24 -0.39 -0.22 -0.27 -0.27 -0.18 

     [-8.14] [-4.78] [-4] [-4.16] [-3.27] [-2.05] [-1.91] [-3.22] [-1.83] [-1.95] [-2.11] [-1.31] 

0
t

R ev   152 -14.37 -1.09 -1.25 -1.24 -0.94 -0.99 -0.91 -0.77 -0.84 -0.72 -0.73 -0.74 -0.56 

     [-7.74] [-8.87] [-9.38] [-6.52] [-7.2] [-5.9] [-5.45] [-5.74] [-4.71] [-5.31] [-4.8] [-3.39] 
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Table 3.4: The performance of the top IVOL decile, evenly sorted by Rev 

This table reports the risk-adjusted returns of the stocks sorted into the top IVOL decile over a holding 

horizon of 6 months from t+1 to t+6. The top IVOL decile is further divided evenly into five subgroups 

based on Revt, which is the stock return in the portfolio formation month and is a proxy for short-term 

return reversals. N is the average number of stocks in each portfolio. The sample period is July 1963 - 

December 2014, excluding the penny stocks. The numbers in brackets are Newey-West t-statistics with 

six lags. 

  N Revt t+1 t+2 t+3 t+4 t+5 t+6 

Lowest 74 -21.19 -0.53 -1.51 -1.47 -1.24 -1.15 -1.15 

Revt   
[-3.03] [-9.5] [-9.06] [-7.48] [-6.56] [-6.37] 

 74 -5.03 -1.16 -0.85 -0.8 -0.58 -0.68 -0.68 

      [-7.63] [-5.98] [-5.73] [-3.89] [-4.29] [-4.66] 

3 75 5.29 -1.41 -0.64 -0.57 -0.59 -0.48 -0.23 

   
[-8.75] [-4.54] [-3.8] [-4.2] [-3.23] [-1.57] 

4 74 17.23 -1.44 -0.61 -0.33 -0.54 -0.46 -0.35 

      [-8.57] [-4.37] [-2.48] [-3.93] [-3.06] [-2.66] 

Highest 74 46.24 -1.31 -0.37 -0.37 -0.71 -0.16 -0.32 

Revt     [-5.78] [-2.02] [-2.40] [-4.50] [-1.10] [-1.95] 
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Table 3.5: Portfolio returns and ranking persistence within the top IVOL decile 

This table shows how changes in the cross-sectional IVOL rankings over time affect the risk-adjusted 

returns for the stocks initially sorted into the top IVOL decile. I start with the stocks sorted into the top 

IVOL decile in the formation month, and further divide the decile in the subsequent month based on 

whether they stay in the top IVOL decile, and repeat the sorting in month t + 2. “H” refers to the stocks 

staying in the top IVOL decile; “L” refers to stocks that are no longer in the top IVOL decile. For 

example, group HHH and HHL are from group HH, based on whether they stay in the high decile at the 

end of month t + 2. N is the average number of stocks in each portfolio. The numbers in brackets are 

Newey-West t-statistics with six lags. 

Group t t+1 t+2 t+3 t+4 t+5 t+6 N 

HHH 2.89 −1.72 −1.28 −1.10 −1.09 63 

[9.30] [ − 8.83] [ − 7.35] [ − 5.61] [ − 5.77] 

HHL −5.13 −0.64 −0.75 −0.81 −0.48 69 

[ − 29.16] [ − 3.98] [ − 4.58] [ − 4.57] [ − 2.81] 

HH 3.58 −1.40 −1.14 −1.00 −0.95 −0.74 131 

[11.49] [ − 8.36] [ − 7.44] [ − 6.67] [ − 5.57] [ − 4.66] 

H 6.9 −1.17 −0.79 −0.70 −0.72 −0.59 −0.55 373 

[17.7] [ − 9.43] [ − 6.93] [ − 6.00] [ − 6.06] [ − 4.77] [ − 4.58] 

HL −3.68 −0.45 −0.47 −0.57 −0.39 −0.46 242 

[ − 31.82] [ − 4.31] [ − 4.08] [ − 4.87] [ − 3.38] [ − 4.24] 

HLH 5.74 −1.31 −0.94 −0.66 −0.98 54 

[18.09] [ − 7.23] [ − 5.54] [ − 3.84] [ − 5.93] 

HLL −2.27 −0.22 −0.45 −0.30 −0.31 189 

[ − 25.37] [ − 1.95] [ − 3.98] [ − 2.66] [ − 2.8] 
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Table 3.6: Risk-adjusted returns of the top IVOL decile, adding missing risk 

factors 

This table adds two new risk factors (PAV and PIV) to the Fama-French three-factor model to explain the 

persistent negative IVOL-return relation in the top IVOL decile. The top IVOL deciles are further divided 

into two subgroups based on the sign Revt. Months t+1 to t+6 are the holding months after the formation 

month. The sample period is July 1963 – December 2014, excluding the penny stocks. The numbers in 

brackets are Newey-West t -statistics with six lags. 

Panel A Top 10% IVOL decile, FF-3+PAV 

  t+1 t+2 t+3 t+4 t+5 t+6 

Top decile -1.23 -0.88 -0.79 -0.82 -0.7 -0.64 

 
[-9.68] [-7.53] [-6.83] [-7.01] [-5.71] [-5.4] 

0
t

R ev    -1.45 -0.73 -0.57 -0.66 -0.54 -0.33 

 
[-8.21] [-5.34] [-4.72] [-4.91] [-4.3] [-2.46] 

0
t

R ev   -1.13 -1.32 -1.32 -1.07 -1.07 -1.09 

 
[-7.31] [-9.06] [-9.57] [-7.8] [-7.6] [-7.02] 

 

Panel B Top 10% IVOL decile, FF-3+PIV 

  t+1 t+2 t+3 t+4 t+5 t+6 

Top decile -0.69 -0.42 -0.24 -0.25 -0.09 -0.05 

 
[-5.24] [-3.45] [-1.62] [-1.58] [-0.49] [-0.31] 

0
t

R ev    -0.96 -0.35 -0.11 -0.16 -0.01 0.18 

 
[-5.01] [-2.43] [-0.8] [-1.06] [-0.07] [1.15] 

0
t

R ev   -0.6 -0.83 -0.69 -0.46 -0.45 -0.48 

 
[-3.59] [-5.02] [-3.79] [-2.32] [-2.23] [-2.06] 
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Table 3.7: Industry distribution of the high-IVOL stocks (5 industries) 

This table reports industry distributions (Fama-French 5 industries) in the full sample and in the portfolio 

of the top 20% IVOL stocks. Stocks are categorized into 5 industries in each month according to French’s 

5 industry classification. Column (1) is the average percentage of each industry in the full sample; 

Column (2) is the average percentage in the top IVOL quintile. Column (3) represents the average ratio of 

R&D expenditure to total assets (the “R&D ratio”) in each industry in the full sample; Column (4) is the 

average R&D ratio in the top IVOL quintile. Following Chen and Petkova (2012), I match the IVOL in 

month t with the R&D data available for the most recently completed fiscal year. The sample period is 

July 1963 - December 2014, excluding the penny stocks. 

Industry 
             Percentage               R&D / Total Assets 

  (1) Full (2) Top   (3) Full (4) Top 

1 Cnsmr 

 

21.39% 20.18%  1.60% 2.21% 

2 Manuf 

 

25.84% 19.47%  3.40% 5.82% 

3 HiTech 15.24% 23.65%  9.51% 11.66% 

4 Hlth 

 

6.07% 8.93%  12.61% 18.25% 

5 Other   31.46% 27.86%   3.38% 5.63% 
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Table 3.8: Convex return pattern and the IVOL puzzle 

This table examines whether the convex return pattern of the high-IVOL stocks explain the IVOL puzzle. 

I construct two measures as proxies for extreme market returns: (1) the squared value-weighted market 

return 2

m
r  and (2) a dummy variable (Dummy) which equals one when the monthly market return was 

extreme (ranked in the top or bottom 5% over the full time-series from July 1963 to December 2014) and 

equals zero otherwise. 2  an d  
m

D um m yr
   are the unconditional exposures of the individual stock returns 2

m
r  

and Dummy over the full time-series in my sample, respectively. In Panel A, all the stocks are sorted by 

IVOL into deciles in each month. Panel B reports the Fama-MacBeth regression results after controlling 

for 2  an d  
m

D um m yr
  . The value of 

D u m m y
  is expressed as a percentage. The numbers in brackets are 

Newey-West t-statistics with six lags. 

  

Panel A Loadings on convexity measures 

Rank L 2 3 4 5 6 7 8 9 H 

2

m
r

   0.79 0.85 0.98 1.08 1.16 1.24 1.31 1.37 1.52 1.71 

D u m m y
   1.23 1.19 1.28 1.35 1.43 1.52 1.63 1.72 1.88 2.13 

N 372 373 373 373 373 373 373 373 373 372 

 

Panel B Fama-MacBeth regression, including loadings on convexity measures 

Model β Me B/M Mom Rev IVOL 2

m
r

  
D u m m y

  

(1) 0.12 -0.03 0.22 0.94  -5.80   

 [1.12] [-3.67] [4.24] [5.56]  [-7.62]   

(2) 0.10 -0.03 0.22 0.90 -3.27 -4.54   

 [0.92] [-3.43] [4.28] [5.15] [-8.50] [-5.33]   

(3) 0.12 -0.03 0.22 0.89 -3.35 -4.33 -0.04 
 

 

[1.09] [-3.62] [4.16] [4.90] [-8.73] [-5.21] [-2.50] 
 

(4) 0.12 -0.03 0.23 0.88 -3.31 -4.46 
 

-2.59 

  [1.08] [-3.53] [4.32] [4.83] [-8.55] [-5.32]   [-2.01] 
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Table 3.9: Return reversal and return persistence of high-IVOL stocks - 

Robustness 

The table reports the risk-adjusted returns of the stocks sorted into the top IVOL decile over a holding 

horizon of 6 months from t+1 to t+6. In Panels A to D, the top IVOL decile is further divided into two 

subgroups based on the sign of proxies for short-term return reversals. I follow Korajczyk and Sadka 

(2004) to adjust the dynamic risk loadings. I follow Blitz et al. (2011) to estimate the residual which is the 

Fama-French three-factor regression residual in month t. In Panels E to G, the top IVOL decile is divided 

by a given control variable first, and then further sorted into subgroups by Rev. I define the stocks with 

size below the 20% NYSE size breakpoint as the small stocks; the business cycle breakpoints are from the 

NBER business cycle dates. The sample period is July 1963 - December 2014, excluding the penny 

stocks. N is the average number of stocks in each portfolio. The numbers in brackets are Newey-West t-

statistics with six lags. 

Panel A Top IVOL decile, adjusted by Carhart four-factor risk loadings 

 N t+1 t+2 t+3 t+4 t+5 t+6 

0
t

R ev   221 -1.31 -0.65 -0.41 -0.45 -0.3 -0.15 

   [-7.53] [-4.54] [-2.99] [-2.88] [-1.88] [-1.03] 

0
t

R ev   152 -0.85 -1.02 -0.92 -0.63 -0.67 -0.55 

   [-5.98] [-7.22] [-6.37] [-4.01] [-4.16] [-3.26] 

Panel B Top IVOL decile, dynamic Fama-French three-factor risk loadings 

 N t+1 t+2 t+3 t+4 t+5 t+6 

0
t

R ev   221 -1.39 -0.69 -0.54 -0.59 -0.46 -0.25 

   [-8.78] [-5.47] [-4.42] [-4.21] [-3.33] [-1.78] 

0
t

R ev   152 -1 -1.19 -1.16 -0.94 -0.91 -0.91 

   [-6.81] [-8.07] [-8.01] [-6.24] [-6.04] [-5.89] 

Panel C Top IVOL decile, value-weighted three-factor risk-adjusted returns 

 N t+1 t+2 t+3 t+4 t+5 t+6 

0
t

R ev   221 -0.87 -0.73 -0.59 -0.73 -0.71 -0.57 

   [-4.26] [-3.49] [-2.87] [-3.84] [-3.65] [-2.98] 

0
t

R ev   152 -1.68 -1.6 -1.18 -0.98 -1.25 -0.99 

   [-7.74] [-7.13] [-6.1] [-5.02] [-6.66] [-5.19] 

Panel D Top IVOL decile, sorted by residual 

 N t+1 t+2 t+3 t+4 t+5 t+6 

0
t

R esid u a l   213 -1.6 -0.74 -0.57 -0.74 -0.5 -0.44 

   [-9.63] [-5.92] [-4.71] [-5.96] [-3.74] [-3.51] 

0
t

R esid u a l   160 -0.7 -0.93 -0.98 -0.75 -0.76 -0.69 

   [-5.07] [-6.98] [-7.5] [-5.47] [-5.66] [-5.24] 

Continued on next page 
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Table 3.9 - continued 

Panel E Top IVOL decile, conditional on size 

 

 N t+1 t+2 t+3 t+4 t+5 t+6 

M/L 

0
t

R ev   47 -0.93 -0.91 -0.74 -1.18 -0.61 -0.84 

   [-4.31] [-4.24] [-3.56] [-5.84] [-3.11] [-3.7] 

0
t

R ev   34 -1.54 -1.73 -1.26 -1.01 -1.05 -0.97 

   [-5.69] [-6.42] [-5.61] [-4.06] [-4.62] [-4.16] 

Small 

0
t

R ev   181 -1.54 -0.58 -0.42 -0.44 -0.34 -0.18 

   [-8.84] [-4.39] [-3.13] [-3.04] [-2.41] [-1.24] 

0
t

R ev   123 -1.04 -1.26 -1.24 -0.93 -1.05 -0.89 

   [-7.21] [-8.56] [-8.6] [-5.75] [-7.05] [-5.37] 

Panel F Top IVOL decile, conditional on business cycle 

 

  N t+1 t+2 t+3 t+4 t+5 t+6 

Recession 

0
t

R ev   188 -2.58 -1.28 -0.68 -0.66 -0.57 -0.18 

   [-5.41] [-3.02] [-1.52] [-1.35] [-0.92] [-0.31] 

0
t

R ev   160 -1.04 -1.4 -1.22 -1.11 -0.65 -0.92 

   [-2.16] [-3.05] [-2.57] [-1.94] [-1.15] [-1.54] 

Expansion 

0
t

R ev   227 -1.11 -0.51 -0.44 -0.51 -0.35 -0.27 

   [-7.07] [-3.96] [-3.53] [-3.96] [-2.95] [-2.2] 

0
t

R ev   150 -1.1 -1.19 -1.25 -0.89 -1.04 -0.9 

   [-8.09] [-8.16] [-8.92] [-5.67] [-7.46] [-5.85] 

Panel G Top IVOL decile, conditional on January effect 

 

  N t+1 t+2 t+3 t+4 t+5 t+6 

Jan 

0
t

R ev   220 0.58 -1.09 -0.99 -0.61 -0.21 -1.01 

   [0.94] [-3.46] [-3.42] [-1.66] [-0.47] [-3.18] 

0
t

R ev   144 2.24 -0.65 -1.86 -1.14 -0.57 -1.92 

   [4.86] [-2.42] [-4.41] [-2.87] [-1.39] [-4.18] 

Non-Jan 

0
t

R ev   221 -1.49 -0.6 -0.43 -0.56 -0.43 -0.19 

   [-8.83] [-4.29] [-3.45] [-4.06] [-3.27] [-1.39] 

0
t

R ev   152 -1.38 -1.25 -1.19 -0.94 -1.02 -0.79 

   [-8.74] [-8.63] [-8.37] [-6.24] [-7.2] [-4.96] 
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Appendix 3.A: Empirical results appendix 

In Table A1, I examine the robustness of IVOL estimates to the inclusion/exclusion of 

penny stocks. In Panel A, I show that if penny stocks are included in the sample, the 

IVOL puzzle is present on a value-weighted basis but not on an equally-weighted 

basis. 15F

17
 In Panel B, I use my main sample which excludes the penny stocks, and as a 

result the sample size (average number of stocks per month) decreases from 4712 to 

3728. Since the minimum tick size was reduced to 1 cent after April, 2001 and the 

minimum tick size effect on estimating IVOL became less significant, I define the 

penny stocks as stocks having a price below $5 before April 2001 or below $1 

thereafter. After excluding the penny stocks, the IVOL puzzle is significant on both an 

equally- and a value-weighted basis. The cross-sectional spreads of Fama-French three-

factor risk-adjusted returns between high and low IVOL deciles are -1.33% (equally-

weighted) and -1.19% (value-weighted), and the cross-sectional difference in returns is 

mainly due to the significant negative risk-adjusted returns of the high-IVOL decile. In 

Panel C, I follow Chen et al. (2012) and exclude stocks with price below $5 throughout 

the whole sample period. The IVOL puzzle effect in Panel C is similar to the result 

using the main sample in Panel B, but the sample size is smaller (3486 rather than 3728 

stocks per month on average).  

Chen et al. (2012) also show that the IVOL puzzle is stronger after excluding microcap stocks 

(those stocks with market capitalization below the NYSE 20% size cut-offs). In Table A2, I 

show that this is still a result of excluding penny stocks rather than microcap stocks with price 

greater than $5. Hence, I do not exclude microcap stocks from my sample. In Table A2, 

the stocks belonging to the top IVOL quintile are divided into three mutually exclusive 

subgroups: non-microcap stocks with price greater than $5, microcap stocks with price 

greater than $5, and stocks with price below $5. Only the last subgroup does not exhibit 

the IVOL puzzle, while the first two groups show a clear IVOL puzzle pattern. 

17
 Bali and Cakici (2008) find both equally-weighted returns and alpha of the high-minus-low IVOL 

portfolio are insignificant, while in my results the equally-weighted alpha of the high-minus-low IVOL 

portfolio is significant. The difference may be due to my longer sample period and my using decile 

sorting instead of quintile sorting; Chen et al. (2012) have reported similar results. 
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Table 3.A1: Portfolios returns sorted by IVOL 

The sample period is July 1963 - December 2014. Panel A uses a sample that includes the penny stocks. 

Panel B uses the main sample, which excludes penny stocks (defined as stocks with prices below $5 

before April 2001 and stocks with prices below $1 thereafter). Panel C uses the sample excluding stocks 

with price below $5. Stocks are sorted into deciles by IVOL at the end of the portfolio formation month t. 

The portfolios are then held in the subsequent month t+1. 
1t

r


is the raw return over the holding month; 

FF-3 α and FF-4 α represent the risk-adjusted returns of Fama-French three-factor and Carhart four-

factor models, respectively. 
1t

r


and alphas are in percentages. * represents statistical significance at the

5% level. 

Panel A IVOL puzzle (no restriction on price), N=4712 

IVOL decile 
Equally-Weighted Value-Weighted 

1t
r

 FF-3 α FF-4 α 1t
r

 FF-3 α FF-4 α 

Low 1.08* 0.15 0.18* 0.93* 0.11 0.08 

2 1.21* 0.15* 0.19* 0.95* 0.04 0.04 

3 1.33* 0.20* 0.25* 0.98* 0.01 0.04 

4 1.38* 0.21* 0.27* 1.01* 0.01 0.09 

5 1.39* 0.19* 0.27* 1.04* -0.01 0.04 

6 1.36* 0.12 0.25* 1.11* 0.03 0.11 

7 1.30* 0.02 0.20* 0.84* -0.30* -0.15

8 1.16* -0.14 0.09 0.63 -0.60* -0.42*

9 1.01* -0.35* -0.02 0.29 -0.99* -0.76*

High 0.72 -0.68* -0.33 -0.32 -1.61* -1.37*

High - Low -0.37 -0.84* -0.50 -1.25* -1.72* -1.45*

[-1.05] [-3.74] [-1.83] [-3.6] [-7.58] [-5.27] 

Panel B IVOL puzzle (main sample), N=3728 

IVOL decile 
Equally-Weighted Value-Weighted 

1t
r

 FF-3 α FF-4 α 1t
r

 FF-3 α FF-4 α 

Low 1.06* 0.16* 0.17* 0.92* 0.09 0.05 

2 1.22* 0.17* 0.20* 0.96* 0.06 0.05 

3 1.29* 0.18* 0.22* 0.94* -0.02 -0.02

4 1.37* 0.21* 0.26* 0.96* -0.03 0.01

5 1.38* 0.2* 0.24* 1.01* -0.01 0 

6 1.39* 0.18* 0.25* 1.06* 0 0.09 

7 1.30* 0.06 0.14* 1.03* -0.05 0.04 

8 1.24* -0.02 0.08 0.81* -0.34* -0.22

9 0.89* -0.38* -0.24* 0.58 -0.63* -0.49*

High 0.07 -1.17* -1.06* 0.11 -1.10* -0.93*

High - Low -0.99* -1.33* -1.24* -0.81* -1.19* -0.98*

[-3.55] [-8.09] [-6.77] [-2.51] [-5.91] [-4.12] 

Continued on next page 
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Table 3.A1 - Continued 

Panel C IVOL puzzle (p ≥ 5), N=3486 

IVOL decile 
Equally-Weighted Value-Weighted 

1t
r


FF-3 α FF-4 α 

1t
r


FF-3 α FF-4 α 

Low 1.06* 0.17* 0.17* 0.92* 0.09 0.04 

2 1.23* 0.19* 0.22* 0.97* 0.08 0.07 

3 1.27* 0.18* 0.20* 0.95* 0.02 0.00 

4 1.36* 0.22* 0.25* 1.00* 0.02 0.03 

5 1.36* 0.18* 0.19* 1.00* -0.02 -0.02

6 1.40* 0.21* 0.23* 1.01* -0.02 -0.01

7 1.26* 0.04 0.05 1.04* -0.04 0.00

8 1.20* -0.03 -0.02 0.82* -0.28* -0.26*

9 0.90* -0.35* -0.27* 0.68* -0.46* -0.39*

High 0.11 -1.09* -1.03* -0.02 -1.18* -1.07*

High - Low -0.95* -1.26* -1.20* -0.95* -1.27* -1.11*

[-3.71] [-8.63] [-7.96] [-3.13] [-6.58] [-5.31] 

Table 3.A2:  Composition of the stocks in the top IVOL quintile 

I sort the stocks in the full sample into 5 IVOL quintiles in each month. This table reports the composition 

of stocks in the high-IVOL quintile. Penny stocks are stocks with price less than $5. Microcap stocks are 

stocks below the NYSE lowest 20% size breakpoint in the portfolio formation month. “Microcap with 

p>$5” represents the non-penny microcap stocks. The remaining stocks are neither penny nor microcap 

stocks. “All high-IVOL stocks” represents all the stocks in the high-IVOL quintile. Price is the closing 

price at the end of the formation month. N is the average number of stocks in each group. Returns, alphas 

and IVOL are in percentages. 

       Value-Weighted       Equally-Weighted 

N Price 1t
r

 FF-3 α 1t
r

 FF-3 α 

Non-microcap with p>$5 77 22.52 -0.13 -1.25* -0.15 -1.30*

Microcap with p>$5 252 10.34 -0.08 -1.32* -0.03 -1.24*

Penny stocks (p<$5) 626 2.23 0.58 -0.92* 1.93 0.47

All high-IVOL stocks 955 6.02 0.06 -1.21* 1.07 -0.31
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In Table 3.A3 and Table 3.A4, I use the analysts’ long-term growth forecasts as a proxy 

for real options to explain the IVOL puzzle. I obtain the analysts’ long-term growth 

forecasts (LTGFs) from the Institutional Brokers' Estimates System (IBES). Following 

Malmendier and Shanthikumar (2014), I choose 2/1/1994 as the start date. I use the 8-

digit CUSIP to match my main sample and IBES. I match my main sample with LTGFs 

when the portfolio formation month falls in between the forecast announcement date 

and forecast period end date. I compute the average LTGFs for the stock-month 

observations with multiple forecasts match. The matched sample has an average of 2598 

stocks per month. 

I conduct a double-sorting test to examine the relation between LTGFs and the IVOL 

puzzle. In each month, I sort the stocks into 5 quintiles by LTGFs, and then within the 

LTGFs quintiles, I further sort the stocks into 5 quintiles by IVOL, and hold the 

portfolios in the subsequent month. Panel A of Table 3.A3 reports the equally-weighted 

average raw returns for each portfolios. The average LTGFs increase from -0.55% to 

9.89% from the lowest to the highest LTGFs quintile. Within each column (LTGFs 

quintile), I compute the high-minus-low IVOL portfolio returns which become less 

negative and even turn positive in the highest LTGFs quintile, and are all statistically 

insignificant. Panel B of Table 3.A3 computed the value-weighted raw returns and show 

similar results as reported in Panel A, suggesting the IVOL puzzle is less pronounced 

after controlling for LTGFs. 

In Table 3.A4, I repeat the analysis but compute the Fama-French three-factor adjusted 

returns. In Panel A, the monthly risk-adjusted returns of the high-minus-low IVOL 

portfolios decrease from -1.05% to -0.44% and all are statistically significant, but the 

clear decreasing trend from the lowest to highest LTGFs suggests that the IVOL puzzle 

is much smaller when the LTGFs are high (firms have more real options). The results in 

Panel B show similar pattern using value-weighted portfolio returns. The risk-adjusted 

return for high-minus-low IVOL portfolio becomes insignificant in the highest LTGFs 

quintile.  
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Table 3.A3:  Portfolio average returns by sorting on LTGFs and IVOL 

I double-sort the stocks into 5*5 portfolios by analysts’ long-term growth forecasts (LTGFs) and then 

IVOL in each month.. I obtain the LTGFs from IBES. I choose 2/1/1994 as the start date. I match IVOL 

with LTGFs when the portfolio formation month falls in between the forecast announcement date and 

forecast period end date. I compute the average LTGFs multiple forecasts match. I compute the equally-

weighted and value-weighted raw portfolio returns in Panel A and Panel B, respectively. 

Panel A Equally-weighted portfolio returns 

LTGF rank 

IVOL rank 1 2 3 4 5 

LTGF (%) -0.55 0.56 1.14 1.88 9.89 

1 (L) 0.93 1.05 1.09 1.14 1.08 

[2.29] [3.61] [4.22] [5.13] [5.00] 

2 0.94 1.24 1.08 1.08 1.15 

[1.88] [3.38] [3.62] [4.08] [4.58] 

3 1.27 1.19 0.97 1.10 1.13 

[2.19] [2.93] [3.06] [3.8] [3.97] 

4 0.70 1.32 1.19 1.15 1.19 

[1.12] [2.80] [3.23] [3.76] [3.81] 

5 (H) 0.41 0.79 1.03 1.08 1.19 

[0.57] [1.53] [2.37] [2.81] [3.14] 

H-L -0.52 -0.26 -0.06 -0.07 0.11 

[-1.28] [-0.76] [-0.24] [-0.27] [0.44] 

Panel B Value-weighted portfolio returns 

  LTGF rank 

IVOL rank 1 2 3 4 5 

1 (L) 0.84 0.75 0.82 1.01 0.98 

[1.91] [2.07] [2.67] [3.93] [4.25] 

2 0.89 1.05 0.73 1.00 0.98 

[1.55] [2.26] [1.98] [3.47] [4.00] 

3 0.61 1.11 0.66 0.84 0.86 

[0.96] [2.30] [1.63] [2.56] [3.02] 

4 0.38 0.58 0.95 0.75 1.13 

[0.52] [0.97] [2.01] [2.18] [3.74] 

5 (H) 0.55 0.83 0.58 0.50 1.12 

[0.67] [1.25] [1.12] [1.21] [2.95] 

H-L -0.29 0.08 -0.24 -0.51 0.14 

[-0.51] [0.17] [-0.64] [-1.50] [0.46] 
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Table 3.A4:  Portfolio risk-adjusted returns by sorting on LTGFs and IVOL 

I double-sort the stocks into 5*5 portfolios by analysts’ long-term growth forecasts (LTGFs) and then 

IVOL in each month.. I obtain the LTGFs from IBES. I match IVOL with LTGFs when the portfolio 

formation month falls in between the forecast announcement date and forecast period end date. I compute 

the average LTGFs multiple forecasts match. I compute the Fama-French three-factor adjusted equally-

weighted and value-weighted portfolio returns in Panel A and Panel B, respectively. 

Panel A Equally-weighted portfolio returns 

LTGF rank 

IVOL rank 1 2 3 4 5 

1 -0.13 0.15 0.26 0.40 0.37 

[-0.93] [1.37] [2.55] [4.07] [3.7] 

2 -0.23 0.20 0.16 0.23 0.35 

[-1.36] [1.53] [1.44] [2.23] [3.24] 

3 0.06 0.12 0.00 0.19 0.23 

[0.28] [0.90] [0.05] [1.68] [2.14] 

4 -0.59 0.15 0.16 0.23 0.24 

[-2.27] [0.86] [1.33] [2.03] [1.83] 

5 -0.96 -0.39 -0.09 0.03 0.14 

[-2.82] [-1.88] [-0.57] [0.21] [0.82] 

H-L -1.05 -0.76 -0.56 -0.58 -0.44

[-3.31] [-3.3] [-3.22] [-3.7] [-2.45] 

Panel B Value-weighted portfolio returns 

LTGF rank 

IVOL rank 1 2 3 4 5 

1 
-0.24 -0.19 -0.02 0.28 0.32 

[-1.15] [-0.91] [-0.13] [2.03] [2.75] 

2 -0.31 -0.05 -0.22 0.21 0.24 

[-1.13] [-0.22] [-1.23] [1.31] [2.44] 

3 -0.63 0.02 -0.35 -0.05 0.05 

[-2.02] [0.10] [-1.72] [-0.29] [0.38] 

4 -0.96 -0.71 -0.13 -0.16 0.27 

[-2.63] [-2.35] [-0.60] [-0.9] [1.93] 

5 -0.91 -0.52 -0.55 -0.47 0.19 

[-1.93] [-1.56] [-2.19] [-2.32] [0.99] 

H-L -0.88 -0.54 -0.74 -0.97 -0.33

[-1.84] [-1.45] [-2.44] [-3.55] [-1.38] 
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Chapter 4 

Essay 2 

Pulling the Correct Lever: on Sticky Debt and the Common 

Factor Structure in Idiosyncratic Volatilities

Thijs van der Heijden, Qi Zeng, Yichao Zhu 

Abstract 

We show that time-varying financial leverage generates a common factor structure in 

firm-level idiosyncratic stock return volatilities (IVOL), with the presence of sticky debt 

in a model where asset returns follow a simple linear factor structure with constant 

volatility. Under reasonable parameter settings in a standard dynamic capital structure 

model, we numerically show that on average about 25% of the time variation in firm-

level IVOL can be explained by a single factor. This proportion reduces to zero when 

using a purely equity-financed sample. We also show that the exposure to the common 

IVOL factor is negatively priced, even though IVOL is positively priced in the cross-

section. 
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4.1 Introduction 

Recent empirical studies find that idiosyncratic stock return volatilities (IVOL) strongly 

co-move in the cross-section, and there is a common factor structure in IVOL (we 

denote this common factor as CIV). Duarte, Kamara, Siegel, and Sun (2014) and 

Herskovic, Kelly, Lustig, and Van Nieuwerburgh (2016) both conclude that this 

common factor is priced, with Herskovic et al. arguing that this factor is driven by 

fundamental cash flow idiosyncratic volatility.16F

18
 Our research investigates an alternative 

reason why IVOL co-move. We show theoretically and quantitatively that time-varying 

financial leverage generates co-movement in IVOL under very mild conditions, in 

which the residual stock returns can be uncorrelated and the fundamental cash flow 

idiosyncratic volatility can be a constant. We also show that financial leverage explains 

the negative cross-sectional pricing effect of the exposure to CIV shocks as documented 

in Herskovic et al. (2016).  

We illustrate the intuition with a simple model in which asset returns follow a linear 

factor structure with the asset returns of the market portfolio as the single factor, and 

assuming risk-free debt and constant asset return volatility. We show that the market 

asset return drives the time variation of financial leverage, which subsequently 

determines the measure of IVOL in each period. In the case when the economy does 

poorly (well), all firms tend to become more (less) levered and the IVOL will tend to 

increase (decrease) together. The only requirement is the presence of a lag in adjusting 

leverage to the firm’s target leverage ratio.17F

19
 This lag will induce a negative correlation 

between leverage and the return on the economy. 

We show that financial leverage can generate a strong common factor structure in firm-

18
 We use the term “IVOL” to specifically represent the equity return idiosyncratic volatility (as opposed 

to the fundamental cash flow idiosyncratic volatility). 
19

 This so-called “sticky debt” is a natural consequence of fixed rebalancing costs and is a standard 

assumption in a large capital structure literature; see e.g., Welch (2004) and Strebulaev (2007). 
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level IVOL in a variant of the Goldstein, Ju, and Leland (2001) capital structure model 

where the firm’s cash flow has a single factor structure. The Goldstein et al. (2001) 

upward refinancing framework permits closed-form expressions for equity values, and it 

also keeps financial leverage in a relative stable range (rather than vanishing) over a 

long simulation horizon. Under reasonable initial parameter settings, the cross-sectional 

average IVOL as a proxy for CIV explains more than 25% of the time variation in firm-

level IVOL on average. The factor structure pattern in IVOL totally disappears if we use 

a purely equity-financed sample (no financial leverage). We conduct two further tests 

which show that financial leverage generates the co-movement in IVOL. First, we find 

that the average IVOL of the portfolios sorted by financial leverage are strongly 

correlated with each other except for the portfolio with lowest leverage. Second, in the 

market-level time-series regression, we find that the innovation in market average 

financial leverage significantly determines the innovations in CIV.  

Our findings are unaffected when we estimate IVOL from the simulation data using 

either the CAPM or five principal components of equity returns. The IVOL of the two 

models are highly correlated. The full panel correlation between the two IVOL 

estimates is 99%. Since principal component analysis (PCA) removes almost all the 

possible correlations in equity returns in the cross-section, we reach the same 

conclusion as Herskovic et al. (2016) to the extent that the IVOL co-movement does not 

arise from omitted factors in a linear factor model, where a factor is defined as a 

variable that drives covariance between returns. However, we show that the IVOL co-

movement can arise from time-varying financial leverage, even when there is no factor 

structure in idiosyncratic volatilities at the asset level. 

We also examine the cross-sectional pricing of CIV. Herskovic et al. (2016) find that the 

exposure to CIV shocks is negatively priced in the cross-section of stocks. We confirm 

this relation in the Goldstein et al. (2001) capital structure model. The firms in the 
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bottom quintile with lowest exposure to CIV earn a value-weighted return that is 0.25% 

higher per month than the firms in the top quintile. Furthermore, we propose a rationale 

to relate the negative pricing of CIV to financial leverage. Firms with higher financial 

leverage tend to suffer larger losses in equity value when there is a negative shock in the 

economy (i.e., a positive shock in CIV), so the firm’s estimated exposure to CIV shocks 

will be negative. In addition, the loss in equity value further increases the leverage of 

such firms, and hence their expected return will increase. An analogous logic holds 

when there is a positive shock in the economy. As a result, the exposure to CIV shocks 

exhibits a negative relation with expected stock returns. We find supporting evidence 

from Fama-MacBeth regressions on simulated data in which financial leverage captures 

the negative pricing effect of exposure to CIV shocks.  

We find a significant positive relation between lagged IVOL and the cross-section of 

stock returns. The portfolio formed by stocks in the top IVOL quintile at the end of a 

month earn a value-weighted return that is 1.27% per month higher than the firms in the 

bottom quintile. In our analysis, IVOL is a positive monotonic transformation of the 

firm’s leverage ratio. Provided the expected return on the firm’s assets is positive, it is 

increasing in the firm’s IVOL, with the leverage as a scale factor. The positive relation 

between lagged IVOL and expected future returns is inconsistent with the existing 

studies using empirical data to examine the relation between IVOL and expected 

returns. For example, Ang, Hodrick, Xing, and Zhang (2006) and a large number of 

follow-up studies find that stocks with high lagged IVOL exhibit low future returns (the 

so-called “IVOL puzzle”). 

We also identify a negative link between IVOL and the exposure to CIV shocks through 

financial leverage. This negative relation reconciles the positive pricing of IVOL and 

the negative pricing of the exposure to CIV shocks. For example, highly levered firms 

tend to have high IVOL but low (usually negative) exposure to CIV shocks, and both 
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characteristics predict a high expected return in our study. Using empirical data, 

Herskovic et al. (2016) find a negative relation between IVOL and the exposure to CIV 

shocks, and are unable to reconcile the IVOL puzzle and the negative pricing of 

exposure to CIV shocks. Hence Herskovic et al. conclude that both anomalies co-exist. 18F

20

Our study is related to the existing empirical literature that directly or indirectly studies 

how financial leverage affects the cross-sectional spread in expected stock returns. For 

example, Fama and French (1992) argue that size, book-to-market ratio and leverage are 

essentially different proxies that reflect information on risk and expected returns. Ang et 

al. (2006) find that leverage cannot explain the negative pricing effect of IVOL at firm 

level. Choi and Richardson (2016) propose a method to compute the asset volatility and 

find that the presence of financial leverage creates a significant difference between the 

properties of equity and asset volatilities. Doshi, Jacobs, Kumar, and Rabinovich (2016) 

de-lever equity returns based on the Merton (1974) and Leland and Toft (1996) capital 

structure models. Using the unlevered returns they find that the negative relation 

between stock returns and IVOL disappears. Doshi et al. (2016) focus on the role of 

financial leverage in explaining the cross-sectional equity returns anomalies, including 

size, value and IVOL. In contrast, our focus is the implication of financial leverage for 

the common factor structure in IVOL in the cross-section. We also use financial 

leverage to explain the pricing effects of IVOL and the exposure to CIV shocks.  

Our study is also related to the literature on optimal capital structure models and its 

application to the study of IVOL. To the best of our knowledge, we are the first to apply 

capital structure models to study, in a cross-sectional setting, the role that financial 

leverage plays in the common factor structure of IVOL. 

20
 In Appendix 4.A, we discuss the differences among the three papers (Chen and Petkova, 2012; Duarte 

et al. 2014; and Herskovic et al. (2016)) which find average variance or average IVOL as a priced factor 

for the cross-section of stock returns. 
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The paper is organized as follows. Section 4.2 proposes a simple model to illustrate how 

time-varying financial leverage generates the common factor structure in IVOL. Section 

4.3 discusses the capital structure model, the setup of the simulation and the summary 

statistics. Section 4.4 analyses the behaviour of IVOL including its common factor 

structure, the pricing effect of the exposure to CIV shocks and lagged IVOL. Section 4.5 

summarizes our conclusions and Section 4.6 discusses some possible extensions to our 

study. 

4.2 An Illustrative Model 

In this section we develop a very simple model to show the intuition for the presence of 

a common factor in IVOL. Many of the assumptions will be relaxed subsequently. 

4.2.1 Returns on the economy’s real assets  

Each period the returns on the real assets of any firm i, the A

i t
r , have a factor structure. 

The superscript A denotes the assets of the firm. The subscript i denotes the firm. The 

subscript t denotes the end of the period over which the return is earned. 19 F

21
 We assume 

that 

 
A A A A

it f i m t f it
r r r r e    . 

A

i


 
denotes the asset beta of firm i. For simplicity, this is assumed to be constant. 

A

m t
r

 
is the period t return on the market portfolio of all assets. 

f
r  is the risk-free rate. For simplicity, this too is assumed to be constant. 

A

i t
e  is the idiosyncratic risk of the period t return on the assets of firm i measured relative 

to the return on the market portfolio of all assets.  

                                                           
21

 Appendix 4.B lists the descriptions of the symbols used in Section 4.2.   
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For simplicity, assume that the idiosyncratic volatility of return on the assets of firm i 

measured relative to the return on the market portfolio of all assets is a constant; i.e., 

that  A A

it i
e  . 

Expected real-asset returns are given by a simple single period CAPM.  

    A A A

i f i m f
E r r E r r   . 

Also, for simplicity, assume that    
,

A A

m t m
E r E r and therefore    

,

A A

i t i
E r E r are 

constant. 

4.2.2 Returns on the economy’s financial assets and leverage 

For simplicity, assume that each firm’s leverage is such that there is never any chance of 

bankruptcy. Hence, all debt claims are always riskless and earn the risk-free rate. 

, 1

A

i t
V


 denotes the value of firm i’s real assets at the start of period t.  

, 1i t
D


 denotes the value of the debt of firm i at the start of period t.  

Let E

it
r denote the period t return on the equity of firm i.  

A

i t
r  is a simple weighted average of the period t return on firm i’s debt and equity.  

, 1 , 1 , 1

, 1 , 1

A

i t i t i tA E

it f i tA A

i t i t

D V D
r r r
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  , which can be rewritten as 
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Let E

m t
r  denote the return on the market portfolio of all equity claims in the economy.  
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where 
, 1

A

m t
V


 is the aggregate value of all the real assets in the economy at time t  1, 

. 1m t
D


 is the aggregate value of all debt claims on firms at time t  1, and hence 

, 1 . 1

A

m t m t
V D

 
  is the aggregate value of all the equity claims on firms at time t  1. 

The period t beta of the equity of firm i with respect to the market-capitalization 

weighted equity market portfolio (as opposed to the market portfolio of all real assets in 

the economy) is 
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which is simply the product of firm i’s leverage relative to the economy’s leverage and 
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firm i’s asset beta. The beta of the equity of firm i with respect to the return on the 

portfolio of all equity claims in the economy need not be a constant, even though the 

beta of the assets of firm i with respect to the market portfolio of all assets in the 

economy is a constant. The time-varying nature of the equity beta of firm i will reflect 

time variation in the leverage of firm i.   

Combining equations (4.1) and (4.2) we have: 

 

 

, 1 , 1

, 1 , 1 , 1 , 1

, 1

, 1 , 1 , 1 , 1

, 1 , 1 , 1 , 1 , 1

, 1 , 1

   

   

A A

i t i tE A A A

it f i m t f i tA A

i t i t i t i t

A

i t

A A A

i t i t m t i tA A A

f i m t f i tA A A

m t m t m t i t i t

A

m t m t

V V
r r r r e

V D V D

V

V D V V
r r r e

V V D V D

V D

r





 

   



   

    

 

   
      

    
   

 
     

  
 



  
, 1

, 1 , 1

.

A

i tE E A

f it m t f i tA

i t i t

V
r r e

V D




 

 
    

 
 

 

The period t volatility of the idiosyncratic risk of firm i’s equity measured relative to the 

return on the equity market, henceforth termed 
,

IV O L
i t

, will reflect time variation in the 

leverage of firm i, 

 

, 1

,

, 1 , 1

, 1

, 1 , 1

, 1

, 1 , 1

IV O L

.

A

i t A

i t i tA

i t i t

A

i t A

itA

i t i t

A

i t A

iA

i t i t

V
e

V D

V
e

V D

V

V D









 



 



 

  
   

  
  







       (4.3) 



 

Chapter 4 Essay 2: Common Factor Structure in IVOL 

 
 

76 

 

4.2.3 The common factor driving variation in leverage, equity betas and IVOL 

If the economy does poorly (well), then all firms will tend to become more (less) 

levered. Hence, if the economy does poorly (well), then IVOL will tend to increase 

(decrease) for all firms, and equity betas of relatively more-levered firms will tend to 

increase (decrease), while the equity betas of relatively less-levered firms will tend to 

decrease (increase). 

For this not to be the case firms would have to adjust their leverage in such a way as to 

remove the natural correlation between leverage and the return in the economy. One 

extreme way of doing so would be to reset leverage at the start of every period to, say, a 

firm-specific constant level. In practice, the lag in adjusting leverage to whatever level 

is optimal for a firm will mean that the return on the economy is a common factor 

driving (1) the level of leverage in the economy; (2) the equity betas of firms; and (3) 

equity IVOL measures. 

Suppose that at the beginning of any period firms reset their leverage as measured by 

their asset-to-equity ratio to a level that is a weighted average of their asset-to-equity 

ratio absent any recapitalization and the desired firm-specific asset-to-equity ratio. This 

desired ratio is henceforth denoted by 

*

i

V

V D

 
 

 
. Hence: 
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  (4.4) 

where  is the weight put on the desired firm-specific asset-to-equity ratio. The leverage 

measure at the end of period t  2 absent the recapitalization (that will create the 

leverage level at the beginning of period t – 1) is 
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, 1

A

m t
r


 is the common factor driving asset returns in period t  1, we see below how this 

common factor then drives leverage at the start of period t and hence will drive IVOL in 

period t.  
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. (4.5) 

By combining (4.3) with (4.5), as long as λ < 1, the leverage of all firms during period t 

will reflect the market return in the previous period (and potentially earlier periods), 

driving the co-movement in leverage  

4.3 A Formal Model 

4.3.1 A dynamic capital structure model with optimal upward refinancing 

In the illustrative model of Section 4.2, we assumed that debt is risk-free and there is no 

bankruptcy and no taxes. In this section, we relax these assumptions and conduct our 

numerical analysis based on the formal dynamic capital structure model of Goldstein et 

al. (2001). Goldstein et al. (2001) propose an optimal upward dynamic capital structure 

strategy model, in which a firm has the option to increase its debt level in the future. 

This model provides a dynamic time-series of equity values from a closed-form 

expression; the model also keeps the financial leverage in a relatively stable range in the 

simulation over a long time horizon. 

In the remainder of this section, we discuss the model setup in Goldstein et al. (2001) 

and how we apply the model in our numerical analysis. 

Under the risk-neutral probability measure, a firm’s asset value follows a Geometric 
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Brownian motion. As a variant of the Goldstein et al. (2001) model, we assume that a 

firm’s asset return follows a single factor structure with regard to the market asset 

returns. In particular, we assume that the diffusion part is the combination of two 

uncorrelated Brownian motions: a common factor Z and a firm-specific factor Wi,20F

22

2

, 0
d [ / ] d [ d 1 d ] ,

i f i i i i i
V r V V t V Z W        (4.6) 

where δ is the asset payout flow; 𝑟𝑓 is the risk-free rate; ρ ∈ [0, 1]. The common factor Z 

is introduced to model asset return correlations in the cross-section. It also prevents the 

average firm-level volatility from becoming a constant as the size of the cross-section 

grows. We may also write under the objective probability measure 

2

, 0
d [ / ] d [ d 1 d ] ,i

i f i i i i
V r V V t V Z W           (4.7) 

with Z and iW  Brownian motions under the objective distribution and 

d d d ,

d d .i
i

Z Z t

W W

 



The instantaneous drift of dV/V equals  , 0
,

f i i
r V   where θ is the Sharpe ratio 

of the exposure to the common shock dZ. 

In a simple tax structure that includes personal and corporate taxes, interest payments to 

investors are taxed at a personal rate 
i

 , dividends are taxed at
d

 , and corporate profits

are taxed at 
c

 , with full loss offset provisions. Following Goldstein et al. (2001), the

22
 Appendix 4.B lists the descriptions of the symbols used in Section 4.3.  
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initial payout ratio is 
, 0 , 0 ,0

/ 0 .0 3 5 0 .6 5 /
i i i i

V C V   . 21F

23
 

The manager of an otherwise identical firm with an optimal capital structure needs to 

choose a debt level that maximizes the wealth of equity holders. Define the constant 

coupon payment of the consol bond as C, when the firm remains solvent. Define the 

bankruptcy threshold as 
B

V . The firm goes bankrupt when its value reaches 
B

V , and the 

bankruptcy cost is 
B

V . 

In general, any claim must satisfy the partial differential equation (PDE) 

2

2
.

2
V V V t

V F V F F P r F


        (4.8) 

where P is the payout flow. Due to the issuance of perpetual debt, all claims will be 

time-independent. The PDE can be reduced to an ordinary differential equation. 

2

2
0 .

2
V V V

V F V F P r F


      

Goldstein et al. (2001) derive expressions for the optimal capital structure for the static 

case. Furthermore, Goldstein et al. (2001) expand this framework and determine the 

optimal capital structure strategy for a firm that has the option to increase its debt level 

in the future. There will be a range of debt ratios for which management will maintain 

the firm’s existing debt level. There will be a bankruptcy threshold VB where firm 

management will optimally choose bankruptcy, and there will also be a refinancing 

threshold VU, where management will call the outstanding debt issue at its initial issue 

price, and sell a new, larger debt issue. Management’s objective is to choose initial C, 

                                                           
23

 The total payout δ = C + (EBIT – C) × 35% + dividend, where EBIT is the earnings before interest and 

tax and 35% is the corporate tax rate. Goldstein et al. (2001) assume the amount of dividend payout is 

such that the sum of the tax payout ratio and dividend payout ratio is 0.035. 
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VU and VB in order to maximize the wealth of the equity holder, subject to limited 

liability.  

We illustrate the idea of upward-refinancing and the typical path of a firm’s asset value 

in Figure 4.1. Initially, the sample firm starts with an asset value V0 = $100. The asset 

value (short-dashed green line) follows Geometric Brownian Motion. The long-dashed 

red line is the upward refinancing threshold of asset value VU. The solid blue line is the 

bankruptcy boundary VB. The firm does not change its capital structure as long as 

,0 ,0B t U
V V V  . Period 0 ends either by firm value reaching the initial VB (

, 0t B
V V ), at 

which time the firm goes bankrupt; or by firm value reaching the initial VU (
, 0t U

V V ), 

at which time the debt is recalled and the firm again chooses an optimal capital structure 

by issuing new debt (
1 0

C C ). The upward refinancing scaling factor γ is 

endogenously chosen. The model is tractable since at the start of each new period the 

current firm value, the updated bankruptcy and refinancing boundaries and the optimal 

debt level and coupon are all scaled by 𝛾 compared to the start of the previous period. 

That is, 
, , 0

n

U n U
V V , 

, , 0

n

B n B
V V , 

0

n

n
C C , where n indicates the number of 

refinancing rounds that have taken place. 

[Insert Figure 4.1 here] 

We follow Goldstein et al. (2001) to derive the optimal capital structure for a firm that 

follows this upward refinancing strategy. Define ( )
B

p V as the present value of a claim 

that pays $1 contingent on firm value reaching 
B

V ; define ( )
U

p V as the present value of 

a claim that pays $1 contingent on firm value reaching 
U

V (before reaching 
B

V ).  

While the firm remains solvent, the equity holder, the government, and the debt holder 

share the payout  through dividends, taxes, and coupon payments, respectively. Define 
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0

0
( )e V , 0

0
( )d V , 0

0
( )g V as the period 0 present values of the dividends, coupon payments

and taxes respectively, after the initial debt issuance, but before bankruptcy or next 

refinancing. All period 0 claims before and after the initial restructuring occurs can be 

written compactly in terms of ( )
B

p V and ( )
U

p V .22F

24

Assume that the debt is callable at its initial value. The initial value of the debt claim 

equals the claim to the period 0 cash flow 
0

( )d V , plus the present value of the debt 

called back when the upward refinancing occurs, 

0 0 0

0 0 0 0

0

0

0

( ) ( ) ( ) ( ) ,

( )
.

1 ( )

U

U

D V d V p V D V

d V

p V

 




Define q as the refinancing cost rate. Equity value before issuing the initial debt equals 

the sum of the intertemporal claims of debt and equity, less the refinancing costs claim 

0 0 0

0 0 0

0

0

( ) ( ) ( )
( ) .

1 ( )
U

e V d V q D V
E V

p V


 



(4.9) 

The optimal initial coupon value 
0

C and refinancing scaling factor γ can be obtained

from the first-order conditions of maximizing
0

( )E V


, 

0 0
( ) ( )

0 , 0 .
E V E V

C 

 
 

 
 

The initial upward refinancing threshold is 
, 0 0U

V V . 

Any time after the initial debt issuance, the total equity value for arbitrary V during 

24
 We present the main steps here. For more details of the derivation please refer to Goldstein et al. 

(2001). 
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period 0 is 

0 0

0 0
( ) ( ) ( ) ( ) ( ) ( ) .

t U t t U t
E V p V E V e V p V D V


     (4.10) 

The initial bankruptcy boundary 
, 0B

V  can be obtained from the first-order condition and 

smooth-pasting condition of the maximization of 
0

( )E V  

0
( )

0 .

V V
B

E V

V 





 

The expressions for the dynamic debt and equity values are as follows. Assume 
Z

V  is 

the asset value at the beginning of each period after the previous refinancing, and 

0

n

Z
V V , where n is the number of upward refinancing epochs so far. Similarly, C, VB, 

and VU will be scaled up by γ at each refinancing epoch. At any time point t (with asset 

value Vt), we can then compute the market values of the firm’s equity and debt 

0
( ) ( ) ( ) ( ) ( ) ( ).

t U t Z t U t Z
E V p V E V e V p V D V


     (4.11) 

( )
( ) .

1 ( )

t

t

U t

d V
D V

p V



      (4.12) 

 

4.3.2 Simulation parameter choice 

We conduct simulations based on the Goldstein et al. (2001) capital structure model. 

We choose the same values of the main parameters as in the base case of Goldstein et al. 

(2001). The detailed definition and value choices are listed below. 
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Initial parameter values in the simulation 

V0 = $100 Initial asset value 

τc = 35% Corporate tax rate 

τi = 35% Personal interest income tax rate 

τd = 20% Personal dividend income tax rate 

rf = 4.5% After-tax risk-free rate  

σ = 0.25 Asset return volatility  

α = 0.05 Bankruptcy cost 23F

25
 

ε = 0.5 Tax shield effective rate when bankrupt  

q = 0.01 Restructuring (refinancing) cost rate   

θ=0.2 Sharpe ratio of the common shock dZ 

P/E = 20 Price-to-earnings ratio 

The initial payout ratio is 
0 0

/ 0 .0 3 5 0 .6 5 /V C V   , so the drift of the payout flow rate 

0 0
[ ( / )] 0 .0 1 0 .6 5( / )r V C V     .24F

26
 In the simulation, we start with 5000 stocks 

which are all identical at the beginning. We simulate daily returns using a time step 

dt = 1/252. Each simulation run lasts for a time horizon of 50 years. We consider one 

time step as one day, one month is 21 days, and one year is 252 days. The initial asset 

value is $100, and the dynamics of the asset value follows Geometric Brownian Motion. 

We assume ρ = 0.5 for all firms. This value of ρ implies that the proportion of the total 

asset variance contributed by the common shock Z equals 25%.  

With these initial parameter inputs, we numerically solve the optimal initial 
0

C , γ and 

, 0B
V  by maximizing equations (4.9) and (4.10). The optimal initial 

, 0 0U
V V . We 

check the asset value against the upward refinancing threshold and bankruptcy 

                                                           
25

 There are debates on the reasonable value of bankruptcy cost α. We set the bankruptcy cost at 5% as in 

Goldstein et al. (2001). We note that the bankruptcy cost used in Leland (1994) is 50%, which does not 

result in an optimal solution before reaching the lower boundary of C = 0 in Goldstein et al. (2001)’s 

model, suggesting that the bankruptcy cost is so high that the firms are not willing to take on any leverage 

even after accounting for the tax shield benefit. 
26

 At any given point in time in our simulations, prices are computed under the risk-neutral measure in 

which any traded asset has an expected return equal to the risk-free rate. The dynamics of the firm asset 

value process are generated from the objective distribution, imposing a risk premium on the process of the 

common asset return factor Z. This instantaneous drift of dV/V equals  0
,

f
r V    where θ is the 

Sharpe ratio of the common shock dZ. We assume θ = 0.2 in our simulations.  
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boundary in each time step so that the firm’s asset value follows the model predicted 

path. We then compute the market values of equity and debt as given in equations (4.11) 

and (4.12).25F

27
 

4.3.3 Summary statistics of the simulations 

In order to reduce the influence of a single history on our overall conclusions, we run 

repeated simulations with the same initial setups 100 times and report the distributions 

of outcomes. We report the summary statistics of the simulation results in Table 4.1. 

[Insert Table 4.1] 

In the column headed Initial Value in Table 4.1, we report the optimal initial value of 

coupon payment (C), bankruptcy boundary (VB) and refinancing scaling factor (γ). We 

then compute the initial market values of debt and equity, as well as the financial 

leverage and the credit spread. These initial values reproduce the numbers reported in 

Table 2 of Goldstein et al. (2001). For example, γ is 1.7, suggesting that the firm will 

wait until its value rises to 1.7 times its initial value and only then is it optimal to 

increase the firm’s leverage. The initial leverage is 0.37 which is identical for all firms 

at the beginning of the simulation.  

We run repeated simulations over 600 months (50 years). We define one simulation run 

as the 50 years of a cross-section of 5000 stocks’ daily data and monthly data. We 

compute the summary statistics of the main variables (such as V, C, debt value, equity 

value, leverage, credit spread and equity returns) as follows. First, in each simulation 

run, we compute the cross-sectional monthly average of a given variable and then 

average over the full sample period. Hence the outcome form one simulation run is an 

average value of the variable; we have 100 such average values from 100 repeated 

                                                           
27

 The details of the optimization and simulation algorithm are provided in Appendix 4.D. 
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simulation runs. Second, we then compute the mean, the 5
th

 and the 95
th

 percentile

values of these one-simulation-run average values. The results are reported in Table 4.1. 

In the column headed Mean in Table 4.1, we report the mean across the simulation runs 

for each variable as well as the 5
th

 and the 95
th

 percentile values across the simulation

runs [in square brackets]. For example, the across-runs mean of the average asset value 

is $347.13, and the 5
th

 and the 95
th

 percentile values are $139.83 and $871.46,

respectively. The coupon payment grows from an initial value of $1.85 to $7.53 on 

average, given the refinancing scaling factor γ is 1.7. In each simulation run, we can 

compute the equity values and therefore the equity returns as well for each day and 

month. The average monthly return on equity is 1.06%. Whenever a firm goes bankrupt 

(
t B

V V ), we introduce a new firm with the same initial values into the sample in the 

next month, so the sample size is very stable.26F

28

In Figure 4.2, we also plot the time series variations of the main variables in the 

repeated simulations. The solid blue line represents the mean of the average values in 

each month among the repeated simulations; the dashed red and green lines represent 

the 5
th

 and 95
th

 percentile values, respectively. The cross-sectional average debt value

increases gradually because of the upward refinancing strategy. The equity value also 

increases over time. The initial leverage is 37%, which is identical for all firms, and 

leverage grows in approximately the first 10 years of simulation. After that, the 

distribution of leverage becomes stable at around 48%. In this paper, we report our main 

results using the samples with full simulation period. In unreported results, we repeat 

our tests using the sample which excludes the first 10 years and retains the remaining 40 

years’ data, and the main conclusions reached in our paper are unchanged.  

[Insert Figure 4.2 here] 

28
 The average number of stocks is slightly smaller than the starting number of 5000. This gap is due to 

the sample filters imposed during the estimation of IVOL. 



 

Chapter 4 Essay 2: Common Factor Structure in IVOL 

 
 

86 

 

4.4 IVOL from the Simulations 

We compute the time-series equity returns for each firm in the simulations. A sample 

from one simulation run includes 50 years’ firm-day return observations with 5000 

firms in each cross-section. In this section, we estimate IVOL using daily equity returns, 

and examine the common factor structure pattern in IVOL and the IVOL puzzle effect. 

4.4.1 Estimating IVOL 

We follow the approaches in Herskovic et al. (2016) to estimate IVOL. The first 

approach we use is the CAPM. The IVOL for each stock (
,i t

IV O L ) is estimated as 

, , , , , , , , ,

2

, , , ,

2

, , ,

( ) ,

~ (0 , ) ,

.
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   (4.13) 

where d denotes a daily observation in a certain period t (for example, a year). 
, ,i d t

r  is 

the daily equity return for firm i on date t. 
,d t

r m  is the daily market return on date t, 

constructed as the value-weighted average daily equity returns of all the firms in the 

cross-section. 
,f d

r  is the daily risk-free rate. N is the number of trading days in a year. 

IVOL is calculated as the annualized variance of the residual returns 휀𝑖,𝑑,𝑡.27F

29
 We exclude 

the daily observations with equity value below $1 or with daily equity return greater 

than 300% to avoid extreme estimates of IVOL. We then construct firm-year estimates 

of IVOL over 50 years. We exclude stocks with fewer than 100 trading days in a year. 

We also winsorize the top 0.5% of IVOL estimates in each year. 

                                                           
29

 Many existing studies (e.g. Ang et al., 2006) compute the IVOL as the standard deviation of the 

residual returns. In the main analysis of this paper, we follow the approach in Herskovic et al. (2016) and 

use the variance term to be consistent with their study. We find either measure of IVOL does not change 

the results in our paper.  
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We also use Principal Component Analysis (PCA) to estimate IVOL. Following 

Herskovic et al. (2016), we specify the factors in a linear return model as the first five 

principal components of the returns in a year.28F

30
 We apply the same sample filters as we 

use in the first approach to the PCA-estimated IVOL. 

Besides the annual estimates of IVOL, we also apply similar methods to compute the 

monthly IVOL using daily equity returns in a month. One major difference is that we 

require a minimum of 12 trading days in the month.  

[Insert Table 4.2 here] 

We compare the two panels of IVOL estimated from CAPM and PCA regressions. 

Consistent with Herskovic et al. (2016), the two panels of estimates are very close. In 

Panel A of Table 4.2, we show that the full panel correlations between the annual IVOL 

estimated from CAPM and PCA are highly correlated (99% on average across the 

simulation runs), and the main summary statistics such as means and standard 

deviations are also very close. In Panel B, we use monthly IVOL and find that the full 

panel correlations between the monthly IVOL estimated from CAPM and PCA are still 

highly correlated (96% on average). In the following sections of the paper, we use the 

CAPM-estimated IVOL in the main analysis and the PCA-estimated IVOL in 

robustness tests. 

4.4.2 Common IVOL factor structure 

Herskovic et al. (2016) find a strong co-movement pattern in equity IVOL in the 

empirical data, suggesting a common factor structure in IVOL. In this section, we find 

that the common factor structure in IVOL also exists in our simulation results. The 

common factor structure does not depend on whether we use CAPM- or PCA-estimated 

                                                           
30

 We include only the stocks with full observations (252 days) within a year to avoid an unbalanced 

panel issue in the principal component analysis. 
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IVOL. In the dynamic capital structure model, the only possible channel to generate co-

movement is financial leverage. We follow Herskovic et al. (2016) and Duarte et al. 

(2014) and conduct three analyses to examine the common factor structure in IVOL and 

its relation with financial leverage. 

4.4.2.1 Average IVOL in the time-series and pairwise correlations 

In our first analysis, we visually show the strong co-movement in idiosyncratic 

volatilities by plotting the average IVOL of sorted portfolios in the time-series. In each 

simulation run, we sort the stocks into quintiles by different firm characteristics, such as 

size (measured as the equity value) and financial leverage; then we compute the 

equally-weighted average IVOL for each quintile. In Figure 4.3, we plot the time-series 

of average IVOL for the portfolios sorted by size (Figure 4.3a) and by leverage (Figure 

4.3b) in one simulation run. The average IVOL of all size quintiles shows a clear co-

movement pattern. The average IVOL of leverage-sorted portfolios shows a very similar 

co-movement pattern, except for the lowest leverage quintile whose average IVOL 

appears to be flat over the full sample period. 

[Insert Figure 4.3 here] 

Next, we investigate the IVOL co-movement in a more formal test by examining the 

average pairwise correlations between the average IVOL of the portfolios sorted by size 

or leverage. In Table 4.3, we report the results based on repeated simulation runs. We 

follow the procedure used to construct Figure 4.3: in each simulation run, we sort the 

firms by size (or by leverage) into quintiles and compute the average IVOL for each 

quintile in each year, then we compute the pairwise correlations of the average IVOL 

between the quintiles. We repeat this procedure in repeated simulation runs. Next, we 

compute the mean, 5
th

 and 95
th

 percentile values of the correlations for each quintile 

pair over the repeated simulation runs. For example, the number in column 4 and row 1 
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in Panel A1 (size), shows that the mean correlation of the average IVOL between the 

largest and second-largest size quintile is 0.93; the two numbers in brackets report that 

the 5
th

 and 95
th

 percentile values of the correlation are 0.84 and 0.98.   

[Insert Table 4.3 here] 

In Panel A1 (size), the average pairwise correlations among average IVOL of the five 

size quintiles range from 0.81 to 0.96, suggesting that the co-movement in IVOL is very 

strong. In Panel A2 (leverage), the average pairwise correlations are also very high 

among the leverage quintiles 2 to 5. However, the pairwise correlation between the 

lowest leverage quintile with the other quintiles is close to zero on average and is 

insignificantly different from zero. This finding suggests that for the lowest leverage 

quintile, the average IVOL is essentially constant and remains unchanged in the time 

series. It also suggests that the leverage in the lowest leverage quintiles does not change 

over time. This result supports our hypothesis that time-varying financial leverage 

drives the co-movement in IVOL. In Panel B, we repeat the same analysis using 

monthly IVOL and the conclusion is unchanged. 

In equation (4.3) in Section 4.2.2, we show that the measure of IVOL is determined by 

the firm’s financial leverage at the beginning of the period, assuming a constant asset 

return volatility. Similarly, the equally-weighted average IVOL of a portfolio formed in 

this section reflects the average leverage of stocks in a portfolio. Therefore the co-

movement in average IVOL is a result of market-wide time-varying leverage. 

4.4.2.2 Common IVOL factor in explaining individual IVOL 

In our second test, we follow Herskovic et al. (2016), and run firm-by-firm time-series 

regressions in which the firm’s individual IVOL is the left-hand-side variable. The 

right-hand-side variable is the common factor in IVOL (CIV). CIV is measured as the 
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equally-weighted IVOL in each cross-section. Hence CIV reflects the market equally-

weighted average leverage in our setup. 

, ,
.

i t i i t i t
IV O L a b C IV    (4.14) 

In each simulation run, we run the time-series factor regression on each firm and 

compute the 2
R , which indicates how much of the time variation in the firm’s IVOL 

can be explained by the single common factor CIV.29F

31
 We average the 2

R in the cross-

section in each simulation run and then compute the mean, 5
th

 and 95
th

 percentile values

of average 2
R across the simulation runs. In Table 4.4 we report results for this levered 

sample for both annual and monthly IVOL. To examine the relation between the 

common factor structure in IVOL and financial leverage, we redo this analysis for an 

unlevered sample. In the unlevered sample, we use the same initial parameter values 

and the same dynamics of V, but we force C and VB equal to zero for all stocks 

throughout the simulation horizon, so the equity value E of a firm equals its asset value 

V. 30F

32
 An equity-only firm cannot default and modelling the firm value V as a Geometric 

Brownian Motion provides a mathematically convenient way to articulate this 

behaviour, preventing V from reaching zero. The set of firms in this unlevered sample is 

therefore constant and no new firms need to be introduced during the simulation. 

[Insert Table 4.4 here] 

In Panel A row Levered, we show that when the firms are levered, the common factor in 

31
 We follow the test conducted in Herskovic et al, (2016) to get a general understanding of how a 

common factor explains the individual IVOL. Note that in our illustration model, e.g. equation (4.3), 

IVOL is the product of leverage and asset return volatility. If the asset return volatility is assumed to be 

constant and identical across firms, then CIV is the equally-weighted average leverage across all firms 

multiplied by the constant asset return volatility. Therefore there is an inherent relation between IVOL 

and CIV in regression (4.14), where the coefficient b is the ratio of a firm’s leverage to the average 

leverage. The ratio is time-varying which cannot be captured by an OLS regression. 
32

 In the unlevered sample, we force the debt equal to zero to study the effect of financial leverage in 

determining the common factor structure in IVOL. The firm does not achieve an optimal capital structure 

in this setup.  



 

Chapter 4 Essay 2: Common Factor Structure in IVOL 

 
 

91 

 

IVOL explains 25% of the time variation in individual IVOL on average, and the 5
th

 and 

95
th

 percentile values of average 2
R in repeated simulations are 18% and 31% 

respectively31F

33
. This result suggests that a substantial proportion of the variations in 

individual IVOL can be explained by a single common factor. In Figure 4.4, we plot the 

distribution of average 2
R in the repeated simulations and confirm that a common factor 

structure of IVOL exists in our levered sample. 

[Insert Figure 4.4 here] 

As shown in Table 4.4, when we use the unlevered sample the average 2
R reduces 

substantially to only 2%, suggesting that the time variation in individual IVOL is unable 

to be explained by a single factor, and also suggesting there is no common factor 

structure in IVOL when the firms are unlevered. In Panel B, we confirm our finding 

using monthly IVOL (not examined in Herskovic et al., 2016). The magnitude of 

average R
2
 for the levered sample is smaller (13%) than the value in annual data, while 

the average R
2
 for the unlevered sample drops to zero. 

4.4.2.3 Determinants of the common IVOL factor 

In the third test, we examine the determinants of the common factor in IVOL directly. 

Following the methodology in Duarte et al. (2014), we run a time-series regression at 

the market level. The left-hand-side variable is the innovation in the common factor in 

IVOL (
t

C IV ), the right-hand-side variables are the innovations in market average 

financial leverage (
,m t

L e v ), the innovations in market value-weighted equity return 

variance ( 2

,m t
 ) and the innovations in market average credit spread (

,m t
C S ). 2

,m t
  

                                                           
33

 The average R
2
 from our simulation data is smaller than the figure of 35% reported in Herskovic et al. 

(2016) using empirical data. The magnitude of R
2
 depends on the initial parameter values used in our 

simulation. In general, higher leverage would lead to a higher average R
2
. In this paper it is not our focus 

to match the result in empirical data. 
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and 
,m t

C S  are two variables identified in Duarte et al. (2014) that explain the 

innovations in CIV. The innovations are measured as the monthly or annual changes in 

each variable, depending on the frequency of data we use in the analysis. 

2

1 , 2 , 3 ,
.

t m t m t m t t
C IV L ev C S                (4.15) 

In the Goldstein et al. (2001) model, the credit spread is a direct translation of financial 

leverage. In our simulation data, the correlations between the market average leverage 

and the market average credit spread are more than 99% both in levels and in first 

differences (see Appendix Table 4.C1). To avoid the issue of multicollinearity, we run 

regressions with leverage and credit spread separately. In Table 4.5, we report the mean, 

5
th

 and 95
th

 percentile values of the estimated regression coefficients. In addition, we 

report the percentage of simulation runs in which the estimated coefficient is 

significantly different from zero at the 5% level of significance for each variable. 

[Insert Table 4.5 here] 

Panel A of Table 4.5 shows the result with annual data. Consistent with the finding in 

Duarte et al. (2014), we find that the innovations in market equity return variance and 

credit spread are positively related to C IV . The innovations in financial leverage, 

which are our main focus, also show a clear positive relation with .C IV  The mean of 

the coefficient of 
,m t

L e v is 0.43, while the 5
th

 percentile value is 0.19 which is greater 

than zero. In Panel B, we use monthly data and find an even stronger effect of financial 

leverage and credit spread in determining the CIV. For example, in 100% of all 

simulation runs, the estimated coefficient on 
,m t

L e v is significant at 5%, and the 

magnitude of the coefficient is very similar to Panel A. Conversely, the magnitude of 

the coefficient on market return variance is much smaller. This result suggests that time-
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varying financial leverage better captures the changes in CIV when we use higher-

frequency data. This result is to be expected as over longer horizons the refinancing 

boundary limits the cross-sectional variability in the leverage ratios. 

In summary, we conduct three analyses which show that the common factor structure in 

IVOL exists in a standard capital structure model and the common factor structure in 

IVOL is driven by financial leverage. Time-varying financial leverage determines the 

measure of IVOL and drives the comovement in IVOL in the cross-section. The 

common factor structure in IVOL totally disappears if all firms are purely equity-

financed (zero leverage). 

4.4.3 Common IVOL factor, lagged IVOL and expected stock returns 

We also explore two IVOL-related cross-sectional pricing effects. Herskovic et al. 

(2016) find that the exposure to CIV shocks is negatively priced in the cross-section of 

stocks. Ang et al. (2006) find that the stocks with high lagged IVOL earn puzzlingly 

low future returns―this finding is documented as the IVOL puzzle. Herskovic et al. 

(2016) find that both anomalies co-exist. We examine jointly the pricing effect of 

exposure to CIV shocks and lagged IVOL in our numerical analysis. We start by 

exploring the average returns on the portfolios sorted by firms’ exposure to CIV shocks 

or lagged IVOL. We then conduct formal firm-level Fama-MacBeth regressions in 

which exposure to CIV shocks and lagged IVOL are the key independent variables. 

Following Herskovic et al. (2016) and Ang et al. (2006), we conduct our analysis in this 

section using monthly IVOL. IVOL is estimated as the idiosyncratic variance of 

residual returns from CAPM regressions using daily returns within a given month. CIV 

is measured as the equally-weighted average of IVOL in the cross-section within a 

given month. 
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4.4.3.1 CIV as a pricing factor 

We follow Herskovic et al. (2016) to estimate the exposure to CIV shocks. The shocks 

to CIV are measured as the monthly changes. 

, , , , ,
.

i t f t i t C IV i t i t
r r C IV       (4.16) 

where t denotes a month. 
,f t

r  is the monthly risk-free rate. We run monthly individual 

equity excess returns on CIV shocks using a 60-month rolling window. We require a 

minimum of 36 months of observations. 

We then sort stocks into quintiles based on their exposures to CIV shocks (
C IV

 ) each

month and form a portfolio of the stocks in each quintile and hold that portfolio in the 

following month. Table 4.6 reports the average raw returns on each portfolio, as well as 

the return on a strategy that goes long on the highest 
C IV

 quintile and short on the

lowest 
C IV

 quintile. Consistent with the finding in Herskovic et al. (2016), the stocks

with highest 
C IV

 earn a significantly lower average return in the holding month than

the stocks with lowest 
C IV

 . On average, the equally-weighted and value-weighted

returns of the long-short portfolio are -0.84% and -0.25% respectively, across repeated 

simulation runs. All intervals between the 5
th

 and 95
th

 percentile values of the long-short

portfolio returns (both equally-weighted and value-weighted) consist of negative values; 

hence, they do not include zero. 

[Insert Table 4.6 here] 

We also find that the portfolio with highest 
C IV

 have lower CAPM beta, lower IVOL,

higher equity value and lower leverage than the portfolio with lowest 
C IV

 . There is a

negative correlation between 
C IV

 and IVOL, suggesting that higher-IVOL stocks have
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lower 
C IV

 on average. This negative correlation is consistent with the observation in 

Herskovic et al. (2016) that the correlation between the two is -6%.32F

34
  

We relate the negative pricing effect of 
C IV

 to the cross-sectional difference in firms’ 

financial leverage. As we discussed in our illustrative model, if the economy does 

poorly (well), then all firms will tend to become more (less) levered; hence the measure 

of IVOL will tend to increase (decrease). Following this idea, we use the table below to 

illustrate our explanation.  

Financial leverage, exposure to CIV shocks, and expected stock returns 

This table illustrates how financial leverage is related to the negative relation between the exposure to 

CIV shocks and expected stock returns. 
,

A

m t
r  is the market asset return in period t. CIV is the common 

IVOL factor measured as the equally-weighted average of IVOL in the cross-section. ΔCIV is the shock 

to CIV. 
,

E

i t
r  is the individual equity return in period t.  1

E
t

r


 is the expected equity return. 
, ,C IV i t

  is the 

exposure to CIV shocks. 

  t t+1 

Market negative 
,

A

m t
r     

  t
L e v e ra g e   

 

 

( )
t t

C IV C IV    

 
Higher-levered firms more negative 

,

E

i t
r  high  1

E
t

r


  

  more negative 
, ,C IV i t

   

Lower-levered firms less negative 
,

E

i t
r  low  1

E
t

r


 

  less negative 
, ,C IV i t

   

A negative shock in the market asset portfolio causes a positive shock in market 

leverage and hence a positive shock in CIV. The high-leverage firms suffer large losses 

in equity value when the market does poorly; hence, when we regress the equity returns 

on 
t

C IV , the estimate of 
C IV

  is negative. An example is the lowest 
C IV

 quintile in 

Table 4.6. In turn, the leverage of such firms will further increase because of the large 

loss in equity value in the current period t. High leverage implies a high expected return 

                                                           
34

 The correlation in Herskovic et al. (2016) is likely to be a noisier measure of the true correlation than 

ours, so we expect its magnitude to be smaller. 
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in the next period t+1. The upshot is a negative relation between 
C IV

 and expected 

stock returns. The same logic holds for the less-levered stocks which have a higher 
C IV



and lower expected returns. The same logic also holds when there is a positive shock to 

the market―that is, a negative shock to CIV. In Section 4.4.3.3, we report the results of 

Fama-MacBeth regressions to examine further the relation between financial leverage 

and the negative pricing effect of the exposure to CIV shocks. 

4.4.3.2 The IVOL puzzle effect 

In this section we examine the cross-sectional relation between lagged IVOL and equity 

returns. Each month, we sort the stocks into quintiles by IVOL and hold the portfolios 

in the following month. In Table 4.7, we report the average raw returns on each 

portfolio, as well as the return on a strategy that goes long on the highest-IVOL quintile 

and short on the lowest-IVOL quintile. Ang et al. (2006) find that the stocks with high 

IVOL receive puzzlingly low future returns. Inconsistent with Ang et al.’s result, we 

find a positive relation between IVOL and cross-sectional equity returns in our 

numerical analysis based on the Goldstein et al. (2001) capital structure model. The 

equally-weighted and value-weighted returns of the long-short portfolio are 2.98% and 

1.27%, respectively, averaged over repeated simulation runs. All intervals between the 

5
th

 and 95
th

 percentile values of the long-short portfolio returns (both equally-weighted 

and value-weighted) consist of positive values; hence they do not include zero. We also 

find that the portfolios with highest IVOL have more negative 
C IV

 , higher CAPM beta, 

lower equity value, higher leverage and a higher credit spread than the portfolios with 

lowest IVOL. 

[Insert Table 4.7 here] 

The positive relation between IVOL and cross-sectional returns is persistent and is not 
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driven by short-term return reversal effects. Fu (2009) and Huang, Liu, Rhee, and 

Zhang (2010) relate the observed cross-sectional pricing effect of IVOL in the empirical 

data to short-term return reversals. By examining the longer-term performance of the 

IVOL-sorted portfolios, we show that the positive IVOL-return relation in our result is 

not driven by short-term return reversals. In Table 4.8, we show that the portfolio with 

highest IVOL earns significantly higher average returns in the portfolio formation 

month, the holding month, as well as in a longer holding horizon up to at least a 

quarter.33F

35
 All the long-short portfolio monthly returns are positive, ranging from 2.81% 

to 2.98% during the holding months t+1 to t+3. The intervals between the 5
th

 and 95
th

 

percentile values of the long-short portfolio returns over repeated simulations consist of 

values that are substantially larger than zero.  

[Insert Table 4.8 here] 

Bhandari (1988) documents a positive relation between leverage and average stock 

returns. In our illustrative model, we show that the measure of IVOL is determined by 

the product of financial leverage and asset return volatility. As reported in Table 4.7, the 

leverage of the high-IVOL quintile is 0.68 compared to 0.36 for the low-IVOL quintile. 

Therefore, we conclude that the positive relation between IVOL and expected returns 

can be explained by high-IVOL stocks being highly levered. As discussed in Section 

4.4.3.1, the highly levered firms tend to have the most negative 
C IV

 . Given that IVOL 

is positively related to leverage, which is negatively related to
C IV

 , it follows that there 

should be a negative correlation between IVOL and 
C IV

 . In addition, the negative 

                                                           
35

 In Appendix Table 4.C2, we also test the persistence of the IVOL rankings. We focus on the high-

IVOL stocks, and report the subsample returns in the future depending on whether the stocks persistently 

stay in the top IVOL quintile or not. We find that around 50% of the high-IVOL stocks persistently stay 

in the top IVOL quintile for at least 3 months after portfolio formation. The fact that these stocks earn the 

highest returns in each of the holding months suggests that the positive relation between future returns 

and IVOL is highly persistent. 
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correlation between the two also reconciles the fact that both high IVOL and low 
C IV



predict a high expected return because of high leverage. On the other hand, this negative 

relation between IVOL and 
C IV

 does not help to explain the IVOL puzzle in the 

empirical data. Hence Herskovic et al. (2016) conclude that the negative pricing effect 

of both 
C IV

 and IVOL co-exist. 

4.4.3.3 Fama-MacBeth regressions 

In the previous two subsections, we showed that the exposure to common IVOL factor 

shocks (
C IV

 ) is negatively priced, and lagged IVOL is positively priced in the cross-

section. We also discussed the relation between financial leverage and the pricing 

effects of 
C IV

 and IVOL. In this section, we conduct more formal tests. In Table 4.9, 

we report the correlations between the main variables. We find that expected equity 

returns are negatively related to 
C IV

  and size, but positively related to IVOL, leverage, 

credit spread and 
C A P M

 . The full panel correlation between 
C IV

 and IVOL is -0.18 on 

average in repeated simulation runs. The average correlation between leverage and 
C IV

  

is -0.21. In our illustrative model, we showed that financial leverage determines both 

the measure of IVOL and 
C A P M

 . Consistent with this result, we find that financial 

leverage is strongly positively related to the measure of IVOL and 
C A P M

 ; the 

correlations are 0.73 and 0.56, respectively. Empirical studies such as Bartram, Brown, 

and Stulz (2016) find no significant correlations between financial leverage and IVOL. 

The difference between the empirical finding and the theoretical implication, as Choi 

and Richardson (2016) point out, is due to failing to control for asset volatility. Doshi et 

al. (2016) also note that the empirical studies use levered equity returns whereas 

theoretical implications are valid for unlevered returns.  
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[Insert Table 4.9 here] 

Next we conduct Fama-MacBeth type cross-sectional regressions to examine formally 

the ability of 
C IV

 and IVOL to explain the cross-sectional stock returns. Table 4.10 

shows the risk premia estimates from the Fama-MacBeth regressions with different 

independent variables. The first column reports the univariate test result with 
C IV

 . The 

estimated coefficient of 
C IV

 is -0.32 on average, with all values between the 5
th

 and 95
th

 

percentile values below zero. In 99% of the repeated simulation runs, the coefficient on 

C IV
 is significant at the 5% level. In Column (2), we include IVOL which is 

significantly priced in the cross-section with a positive sign. The magnitude of the 
C IV



coefficient is reduced, and its sign even turns positive. In Column (3), we find that 

financial leverage is significantly priced with a positive sign, and financial leverage 

largely captures the negative pricing effect of 
C IV

 . The average of the 
C IV

 coefficient 

is reduced to -0.01, with zero being included in the interval between the 5
th

 and 95
th

 

percentile values. In only 14% of repeated simulation runs is the
C IV

 coefficient 

significantly different from zero at the 5% level.   

[Insert Table 4.10 here] 

The negative pricing effect of 
C IV

 in the cross-section can be explained by financial 

leverage. This finding supports our analysis in Section 4.3.1 that low 
C IV

 stocks tend to 

be highly levered. On the other hand, IVOL is positively priced, because by 

construction in the Goldstein et al. (2001) capital structure model, IVOL is directly 

determined by financial leverage. In this context, it is not surprising to find that IVOL 

also captures the negative pricing effect of 
C IV

 through the link with financial leverage. 
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4.5 Empirical Tests 

In this section, we test empirically the two empirical predictions made from our model. 

One is that IVOL is a function of leverage, and the other is that IVOL is positively 

correlated with betas. We need to keep in mind that our modeling choices on the firm 

value dynamics and dynamic capital structure choices are as simple as possible to make 

the solutions intuitive. More specifically, we make the simplifying assumptions that all 

firms are homogeneous and that firm value processes satisfy a single factor CAPM, and 

they issue only consol bonds, all of which are not necessarily true in the data.  

4.5.1 Data 

The full sample includes all common stocks (SHRCD 10,11) listed on NYSE, AMEX 

and NASDAQ stock exchanges (EXCHCD 1,2,3), from December 1961 to December 

2015. We obtain the stock return data from CRSP and obtain the financial data from 

COMPUSTAT. The Fama-French factors are from Kenneth French’s website. To 

construct our sample, we apply a few filters: (1) we exclude the stocks with price below 

$5 before 2001 and below $1 since 2001 to eliminate the potential minimum tick size 

effect when estimating IVOL; (2) following Strebulaev and Yang (2013), we exclude 

financial firms (SIC codes 6000-6999), and utility firms (SIC codes 4900-4999); we 

also exclude firms that with total book value of assets (COMPUSTAT item AT) of less 

than $10 million in inflation-adjusted year 2000 dollars; (3) we require the observations 

to have valid IVOL, CAPM beta, market leverage and cash-adjusted leverage as defined 

below. 

The annual IVOL is estimated as the standard deviation of the residual returns from 

Fama-French three-factor regressions using daily returns within a calendar year. The 

CAPM beta is estimated from CAPM model using daily returns over a calendar year. 

Following Strebulaev and Yang (2013), we define the market leverage ratio of firm as 
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and the cash-adjusted market leverage ratio as 

,
_

D L T T D L C C H E
M L C

D L T T D L C C S H O P R C C F

 


  

 

where DLTT and DLC are the amount of long-term debt due in more than one year and 

the amount of debt in current liabilities due within one year, respectively; CSHO is the 

fiscal year-end number of shares outstanding, PRCC_F is the fiscal year end common 

share price, and CHE are cash holdings and short term investments at the end of the 

fiscal year. We exclude all observations with missing data components. 

We match the annual IVOL and CAPM beta with the leverage ratios from the last fiscal 

year-end. The final sample includes 2278 firms per year on average. In the sub-sample 

where we require a non-negative MLC, the sample size is 1460 firms per year on 

average. In the unreported results, we also compute ML and MLC using quarterly data 

and estimate IVOL and CAPM beta quarterly, the main findings discussed below are 

unchanged. 

4.5.2 Empirical Results 

We start by sorting all the stocks into percentiles according to their IVOL. Figure 4.5 

shows the results. In Figure 4.5a we plot the average market leverage against IVOL. 

There is an obvious monotonic relation between the market leverage and IVOL. In 

Figure 4.5b we plot the average equity CAPM beta using against IVOL. Again there is a 

monotonic positive relation between the equity beta and IVOL, except on the high 

IVOL end when the relation becomes flat. These two results are very encouraging, but 

the flat relation among the high IVOL portfolios suggests some other phenomenon is at 



 

Chapter 4 Essay 2: Common Factor Structure in IVOL 

 
 

102 

 

play for these portfolios as well. To see the effect of leverage more clearly, we sort 

stocks into percentiles by their market leverage.  

[Insert Figure 4.5 here] 

Figure 4.6 shows the results. Figure 4.6a plots the average IVOL against the market 

leverage. We can see a clear U-shaped relation between IVOL and market leverage. To 

test the second prediction, we plot the IVOL against beta in Figure 4.6b for those 

market leverage sorted portfolio. There is still a positive relation, but the results are 

much noisier than for portfolios sorted by IVOL. 

[Insert Figure 4.6 here] 

It turns out that the market leverage for a large subset of stocks with low IVOL is close 

to zero. Recall in our model, the IVOL is a positive function of the leverage Vi/(Vi–Di) 

and that the simulation results use homogeneous firms. When the leverage Di is zero, 

the IVOL is lowest. However, many firms with close to zero leverage have a lot of cash, 

which would really imply negative effective leverage.  

Our model does not include cash holdings, and so we choose to correct our sample for 

cash holdings. In particular, we calculate the adjusted leverage by subtracting the cash 

holdings from the debt holdings. The cash-adjusted leverage of firms with very low 

IVOL tends to be negative. In Figure 4.7, we exclude stocks with a negative adjusted 

leverage. There is a clear positive relation between IVOL and leverage in the remaining 

set of firms.  

[Insert Figure 4.7 here] 

While we are very encouraged by the above empirical results, we need to recall the 

caveat mentioned in the beginning of this section and be careful about the effects of the 
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market leverage in a more complicated dynamic capital structure model. Cash holdings 

potentially further complicate this relation. We know from the literature that firms 

actively manage their cash account. In our simple model, we ignore this effect 

completely. Further theoretical work involving both a more realistic dynamic capital 

structure and cash management is a fruitful future research direction. 

4.6 Conclusions 

We provide an explanation of the common factor structure in IVOL through time-

varying financial leverage. The only requirement is that firms cannot completely and 

immediately adjust their leverage to remove the natural correlation between leverage 

and the return on the economy. In a simple model that assumes a single factor structure 

in firms’ asset returns, we show that IVOL reflects the time variation in leverage, even 

when the residual equity returns are uncorrelated and there is no common factor 

structure in the fundamental cash flow idiosyncratic volatility. When the economy 

performs poorly (well), all firms tend to become more (less) levered and firm-level 

IVOL will tend to increase (decrease) together.  

We quantitatively examine the relation between financial leverage and the common 

factor in IVOL using a variant of the Goldstein et al. (2001) capital structure model. 

Under reasonable initial parameter settings, we show that a single common factor in 

IVOL explains a substantial portion of the time variation in firm-level IVOL. 

Additionally, we find that for portfolios sorted by financial leverage the average IVOLs 

are strongly correlated with each other except for the portfolio with lowest leverage. In 

the market-level time-series regression, we find that the innovation in market average 

financial leverage significantly determines the innovations in the cross-sectional 

average IVOL (CIV). Importantly, when we use a sample of unlevered firms in the same 

set up, IVOL does not display a common factor structure at all. 
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We also show in our numerical analysis that the exposure to CIV shocks is negatively 

priced in the cross-section but IVOL is positively priced. Financial leverage explains 

these two pricing effects jointly. IVOL is a positive monotonic transformation of the 

firm’s leverage; while the firm’s exposure to CIV shocks has a negative relation with 

leverage. Hence firms with high leverage tend to have high IVOL but low exposure to 

CIV shocks and have high expected returns, and vice versa.  

4.7 Some Possible Extensions 

It would be interesting to extend our study to examine the relation between leverage and 

the common factor structure in IVOL using empirical data. Doshi et al. (2016) propose 

a method to adjust levered equity returns for leverage and compute the unlevered 

returns for empirical data. Our theoretical analysis predicts there will be no common 

factor structure in the IVOL estimated from unlevered stock returns and hence the 

IVOL of unlevered firms do not co-move with the IVOL of levered firms. This result is 

consistent with our numerical results. Empirically, Strebulaev and Yang (2013) find that 

more than 30% of large public firms have zero leverage or almost-zero leverage (below 

5%) in their sample.34F

36
 The considerable proportion of firms with zero leverage could 

provide another setting in which we could conduct our analysis empirically. In our 

illustrative model in Section 4.2, we show that IVOL equals the product of the leverage 

at the beginning of the period and the volatility of the claims to the firm’s assets. We 

assume that the firm’s asset volatility is constant and identical across firms, and 

therefore leverage is the only factor generating cross-sectional and time-series variation 

in IVOL. In real data, the assumptions on constant and identical asset volatility do not 

hold, but our numerical analysis can easily be adapted to accommodate those stylized 

facts. 

36
 Strebulaev and Yang (2013) use a sample of public non-financial US firms with total book value of 

assets greater than $10 million (in inflation-adjusted year 2000 dollars). 
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Financial leverage is not the only form of leverage: operating leverage
37

 has similar

characteristics but was ignored in our study. In the presence of operating leverage, firms 

with zero financial leverage may still show some co-movement in IVOL with other 

stocks. Operating leverage may determine IVOL through changing the asset volatility 

over time. When the economy performs well (poorly), fixed costs are unchanged but 

per-unit costs decrease (increase), and hence operating leverage will tend to decrease 

(increase). The risk of the firm then decreases (increases), leading to a lower (higher) 

IVOL in the next period. Therefore, if a firm has zero financial leverage but positive 

operating leverage, its IVOL measure may co-move with the IVOL measures of firms 

that are financially levered. In an empirical test, we could double sort the firms by 

financial leverage and operating leverage. There would be three testable predictions. 

First, the firms sorted into the group with highest financial leverage and highest 

operating leverage should have the strongest co-movement with the market average 

IVOL (i.e. CIV). Second, for firms with zero financial leverage, those sorted into higher 

operating leverage groups should still show some co-movement in IVOL with CIV. 

Third, those firms with zero financial leverage and lowest operating leverage should 

have the smallest IVOL co-movement. 

The asset volatility in the model is total asset volatility. However, total asset volatility 

of a firm is the result of the volatility of the different types of assets the firm owns and 

their relative importance. Even if the volatility of each asset type is constant, the total 

asset volatility changes as the importance of a certain asset type in the total asset 

portfolio of the firm changes. Cash holdings are a particular asset type that come to 

mind here. Strebulaev and Yang (2013) find that both zero-leverage firms and almost-

zero-leverage firms have substantially larger cash holdings than the firms in the control 

groups with similar firm characteristics but higher leverage. The volatility of a given 

37
 Operating leverage may be defined as the ratio of a firm’s fixed costs to its total costs. 
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cash holding is very low relative to the volatility of the firm’s other, risky, assets. For a 

given cash holding, if the other assets of the firm increase in value, the overall riskiness 

of the firm will also increase. As a result, the measure of IVOL for such a firm will tend 

to increase (decrease). As we discussed in Section 4.2, when an economy performs well 

(poorly), financial leverage decreases (increases) and consequently there is a decrease 

(increase) in IVOL in the next period. Therefore, the presence of cash holdings creates 

the opposite effect to financial leverage on the measure of IVOL. If the cash holding is 

the only source that drives the time-variations in asset volatility, then we have the 

following testable implications: (1) for a zero-leverage firm with no cash holdings, 

IVOL should not co-move with CIV; (2) for a zero-leverage firm with considerable cash 

holdings, IVOL should move inversely with CIV; (3) for a levered firm with 

considerable cash holdings, the cash-holding effect and the financial-leverage effect 

tend to offset each other and hence the co-movement in IVOL should be weaker than 

for those levered firms with no cash holdings. 
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Figure 4.1: Example of upward refinancing 

In this figure we show a typical sample path of firm asset value in our simulations, based on the optimal 

upward-refinancing capital structure strategy in Goldstein et al. (2001). A firm’s asset value follows a 

Geometric Brownian motion. The initial asset value of the firm is V0= $100. Period 0 ends either by firm 

value reaching the initial bankruptcy boundary 
*

, 0
,

B
V  at which point the firm declares bankruptcy, or by 

firm value reaching the upward refinancing threshold 
, 0 0

,
U

V V  at which point the debt is recalled and 

the firm again chooses an optimal capital structure.  is the scaling factor which is a constant and is 

endogenously determined. At the beginning of the n-th period, it is optimal to choose 
, , 0

n

U n U
V V  and 

, , 0
.

n

B n B
V V The simulation runs for 50 years with 12600 days in total. 
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Figure 4.2: Time-series plots of the main variables 

In this figure, we plot the time-series of the main variables. We construct the samples from repeated 

simulations on the optimal upward refinancing capital structure model in Goldstein et al. (2001). Each 

simulation run includes 5000 initial firms over 50 years. We compute the market value of debt and equity 

for each firm in each month.   .L evera g e D D E   We then compute the cross-sectional average debt, 

equity, and leverage in each month. In each figure, the solid blue line represents the mean of the 

corresponding variable in repeated simulations; the two dashed lines represent the 5
th

 and 95
th

 percentile 

values.  

(a) Debt 

 

 (b) Equity 

 
 

(c) Leverage 
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Figure 4.3: Comovement in portfolios’ average IVOL from one simulation run 

We compute the annual IVOL as the residual return volatility from the CAPM using daily equity returns. 

We construct the samples from repeated simulations on the optimal upward refinancing capital structure 

model in Goldstein et al. (2001). In each simulation run, we sort the stocks by their size (measured as 

equity value) or by financial leverage into quintiles, and then compute the average annual IVOL for each 

quintile. Figures (a) and (b) plot the average annual IVOL of the quintiles sorted by size and leverage, 

respectively, from a typical simulation run. 

(a) Average IVOL of the portfolios sorted by size 

 
 

(b) Average IVOL of the portfolios sorted by leverage 
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Figure 4.4: Distribution of average R
2

This figure plots the distribution of average 2
R  of firm-by-firm single-factor regressions on individual 

IVOL, in repeated simulations. We construct the samples from repeated simulations on the optimal 

upward refinancing capital structure model in Goldstein et al. (2001). In each simulation run, we run a 

time-series regression 
, ,i t i i t i t

IV O L a b C IV     at the firm level, and compute the average 2
R of the 

regressions on all firms. Annual IVOL for each firm is the volatility of the residual returns from CAPM 

regressions using daily equity returns. 
t

C IV is the cross-sectional equally-weighted average IVOL in each 

year. 
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Figure 4.5: Portfolios sorted by IVOL into percentiles 

In this figure, we sort the firms by IVOL into percentiles in each year, and compute the average IVOL, 

market leverage ratio (ML) and CAPM beta for each percentile. The top plot shows the relation between 

average IVOL and average ML; the bottom plot shows the relation between average IVOL and average 

CAPM beta. Annual IVOL is estimated as the standard deviation of the residual returns from Fama-

French three-factor regression using daily returns over a calendar year. CAPM beta is estimated from 

CAPM model using daily returns over a calendar year. We define the market leverage ratio of firm as 

ML=(DLTT+DLC)/(DLTT+DLC+CSHO*PRCC_F). The full sample includes all common stocks listed 

on NYSE, AMEX and NASDAQ stock exchanges, from December 1961 to December 2015. We exclude 

the stocks with price below $5 before 2001 and below $1 since 2001; we exclude financial firms and 

utility firms; we also exclude firms that with total book value of assets of less than $10 million in 

inflation-adjusted year 2000 dollars. 

(a) Average IVOL against average market leverage 

 

(b) Average IVOL against average beta 
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Figure 4.6: Portfolios sorted by market leverage into percentiles 

In this figure, we sort the firms by market leverage ratios into percentiles in each year, and compute the 

average IVOL, adjusted market leverage ratio (MLC) and CAPM beta for each percentile. The top plot 

shows the relation between average IVOL and average ML; the bottom plot shows the relation between 

average IVOL and average CAPM beta. Annual IVOL is estimated as the standard deviation of the 

residual returns from Fama-French three-factor regression using daily returns over a calendar year. 

CAPM beta is estimated from CAPM model using daily returns over a calendar year. We define the 

market leverage ratio of firm as ML=(DLTT+DLC)/(DLTT+DLC+CSHO*PRCC_F). The full sample 

includes all common stocks listed on NYSE, AMEX and NASDAQ stock exchanges, from December 

1961 to December 2015. We exclude the stocks with price below $5 before 2001 and below $1 since 

2001; we exclude financial firms and utility firms; we also exclude firms that with total book value of 

assets of less than $10 million in inflation-adjusted year 2000 dollars. 

(a) Average IVOL against average market leverage 

 

(b) Average IVOL against average beta 
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Figure 4.7: Portfolios sorted by cash-adjusted market leverage into percentiles 

In this figure, we sort the firms by cash-adjusted market leverage ratios into percentiles in each year, and 

compute the average IVOL for each percentile. Annual IVOL is estimated as the standard deviation of the 

residual returns from Fama-French three-factor regression using daily returns over a calendar year. 

CAPM beta is estimated from CAPM model using daily returns over a calendar year. We define the cash-

adjusted market leverage ratio as MLC=(DLTT+DLC-CHE)/(DLTT+DLC+CSHO*PRCC\_F), and 

require the firms have non-negative MLC to be included in the plot. The full sample includes all common 

stocks listed on NYSE, AMEX and NASDAQ stock exchanges, from December 1961 to December 2015. 

We exclude the stocks with price below $5 before 2001 and below $1 since 2001; we exclude financial 

firms and utility firms; we also exclude firms that with total book value of assets of less than $10 million 

in inflation-adjusted year 2000 dollars. 
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Table 4.1: Summary statistics for the main variables 

This table reports the initial value and the means of the main variables. We construct the sample from 

repeated simulations on the optimal upward refinancing capital structure model in Goldstein et al. (2001). 

Each simulation run includes 5000 initial firms over 50 years. γ is the scaling factor for the coupon 

payment, bankruptcy and upward refinancing thresholds. γ is endogenously determined and remains 

constant. V is the asset value of the firm. C is the optimal coupon payment, and its value is endogenously 

determined initially and will be scaled up by γ when refinancing occurs. D and E are the market values of 

debt and equity, respectively.   .L e v e r a g e D D E    
4

1 1 0 .
f i

C re d it sp re a d C D r     
 

 E
r  is the 

monthly equity return. N_stock is the average number of stocks in the cross-section. Column Initial Value 

shows the variable values at the beginning of a simulation run. In each simulation run, we compute the 

cross-sectional average for each variable and average over the full time-series. Column Mean reports the 

mean, as well as the 5
th

 and 95
th

 percentile values (in brackets) for each variable in repeated simulation 

runs. 

Variables Initial Value Mean 

γ 1.70 1.70 

   

V 100.00 347.13 

  

[139.83, 871.46] 

C 1.85 7.53 

  

 

[3.36, 18.6] 

D 20.92 80.43 

  

[34.93, 199.05] 

E 35.61 115.23 

  

[43.69, 296.63] 

Leverage 0.37 0.48 

  

[0.44, 0.51] 

Credit spread 193.57 260.89 

  

[237.74, 282.97] 
E

r  
 

1.06 

  

[0.8, 1.29] 

N_stock 5000 4928 

    [4860.84, 4978.03] 
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Table 4.2:  IVOL estimated from CAPM and PCA 

In this table, we compare the IVOL estimated from CAPM and the IVOL estimated from Principal 

Component Analysis (PCA). IVOL is estimated as the idiosyncratic variance of the equity returns from 

CAPM or PCA using daily data. We report the mean of the average IVOL for both measures in repeated 

simulations. The numbers in brackets are the 5
th

 and 95
th

 percentile values. Row CORR shows the full 

panel correlations between the two measures of IVOL. Panels A and B use the annual and monthly IVOL, 

respectively. We construct the sample from repeated simulations on the optimal upward refinancing 

capital structure model in Goldstein et al. (2001).   

Panel A Annual   

  C A P M
IV O L  

P C A
IV O L  

MEAN 0.26 0.25 

 

[0.21, 0.31] [0.20, 0.30] 

STD 0.51 0.48 

 

[0.38, 0.70] [0.36, 0.65] 

CORR 

 

0.99 

    [0.98, 0.99] 

      

Panel B Monthly   

  C A P M
IV O L  

P C A
IV O L  

MEAN 0.24 0.18 

 

[0.19, 0.28] [0.15, 0.22] 

STD 0.64 0.46 

 

[0.43, 0.93] [0.32, 0.66] 

CORR 

 

0.96 

    [0.94, 0.97] 
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Table 4.3 Pairwise correlations 

This table reports the average pairwise correlations between the average IVOL of the portfolios sorted by 

size or leverage. In each simulation run, we sort the firms by size (or by leverage) into quintiles and 

compute the average IVOL for each quintile in each year, then we compute the pairwise correlations of 

the average IVOL between the quintiles. We repeat this procedure across repeated simulation runs. Next, 

we compute the mean, 5
th

 and 95
th

 percentile values (numbers in brackets) of the correlations for each 

quintile pair over the repeated simulation runs. Panels A and B use annual and monthly data, respectively. 

We construct the sample from repeated simulations on the optimal upward refinancing capital structure 

model in Goldstein et al. (2001).   

Panel A Annual           

A1 Size rank 1 2 3 4 5 

  1 1.00         

       

 

2 0.95 1.00 

   

  

[0.92, 0.97] 

    

 

3 0.91 0.96 1.00 

  

  

[0.84, 0.96] [0.92, 0.99] 

   

 

4 0.87 0.91 0.94 1.00 

 

  

[0.75, 0.95] [0.78, 0.97] [0.88, 0.98] 

  

 

5 0.81 0.86 0.89 0.93 1.00 

    [0.62, 0.94] [0.65, 0.97] [0.75, 0.97] [0.84, 0.98]   

A2 Leverage rank 1 2 3 4 5 

  1 1.00         

       

 

2 0.13 1.00 

   

  

[-0.36, 0.73] 

    

 

3 0.06 0.97 1.00 

  

  

[-0.53, 0.73] [0.95, 0.99] 

   

 

4 0.10 0.94 0.98 1.00 

 

  

[-0.51, 0.75] [0.9, 0.97] [0.97, 0.99] 

  

 

5 0.01 0.85 0.91 0.94 1.00 

    [-0.50, 0.59] [0.71, 0.94] [0.79, 0.97] [0.86, 0.98]   
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Table 4.3 (Cont.) 

Panel B Monthly           

B1 Size rank 1 2 3 4 5 

  1 1.00         

       

 

2 0.96 1.00 

   

  

[0.94, 0.98] 

    

 

3 0.95 0.96 1.00 

  

  

[0.9, 0.97] [0.92, 0.99] 

   

 

4 0.90 0.89 0.93 1.00 

 

  

[0.79, 0.95] [0.75, 0.96] [0.85, 0.97] 

  

 

5 0.73 0.72 0.75 0.81 1.00 

    [0.39, 0.91] [0.34, 0.91] [0.42, 0.91] [0.57, 0.93]   

B2 Leverage rank 1 2 3 4 5 

  1 1.00         

       

 

2 -0.17 1.00 

   

  

[-0.42, 0.15] 

    

 

3 -0.14 0.98 1.00 

  

  

[-0.38, 0.17] [0.96, 0.99] 

   

 

4 -0.11 0.94 0.99 1.00 

 

  

[-0.34, 0.19] [0.91, 0.97] [0.97, 0.99] 

  

 

5 -0.11 0.87 0.92 0.95 1.00 

    [-0.31, 0.17] [0.79, 0.94] [0.86, 0.97] [0.89, 0.98]   

 

 

 

 

 

 

 



Chapter 4 Essay 2: Common Factor Structure in IVOL 

118 

Table 4.4: Explaining firm-level IVOL using CIV 

This table reports the results of using the common IVOL factor (CIV) to explain the time-series variations 

in firm-level IVOL. In each simulation run, we run time-series regressions 
, ,i t i i t i t

IV O L a b C IV     for 

each individual stock over the full sample period and then compute the average 2
R in the cross-section.

CIV is measured as the equally-weighted average IVOL. We report the mean of the average 2
R in the

repeated simulation runs. The numbers in brackets are the 5
th

 and 95
th

 percentile values of 
2
.R To 

compare the relation between the common factor structure in IVOL and financial leverage, we refer to our 

simulation sample as the “levered sample”. In the corresponding unlevered sample, we use the same 

initial parameter values and the same dynamics of asset value V, but we force the coupon payment C and 

the bankruptcy boundary VB equal to zero for all stocks throughout the simulation horizon. Panels A and 

B use annual and monthly data, respectively. We construct the sample from repeated simulations on the 

optimal upward refinancing capital structure model in Goldstein et al. (2001).   

Panel A Annual 

2
R â b̂

Levered 0.25 -0.14 1.87 

[0.18, 0.31] [-0.25, -0.01] [1.35, 2.39] 

Unlevered 0.02 -0.05 1.22 

Panel B Monthly 
2

R â b̂

Levered 0.13 -0.13 1.88 

[0.09, 0.16] [-0.21, -0.04] [1.43, 2.28] 

Unlevered 0.00 -0.05 1 
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Table 4.5: Determinants of CIV 

This table reports the results for linear regressions of the first difference of the common IVOL factor 

(ΔCIV) on the first differences of market equity return variance 2
( ) ,

m
  average financial leverage 

( )
m

L ev  and average credit spread ( ) .
m

C S  
2

1 , 2 , 3 ,
.

t m t m t m t t
C IV L ev C S              We run this 

time-series regression at the market level in each simulation run, and report the mean, 5
th

 and 95
th

 

percentile values (numbers in brackets) for the estimated coefficients. The percentages are the percentage 

of simulation runs in which the estimated coefficient is significant at the 5% level. We construct the 

sample from repeated simulations on the optimal upward refinancing capital structure model in Goldstein 

et al. (2001). 

Panel A Annual   

 
Panel B Monthly   

  (1) (2) 

 

  (1) (2) 
2

m
  2.45 2.36 

 

2

m
  0.10 0.10 

 

[1.44, 3.63] [1.37, 3.55] 

  

[0.03, 0.22] [0.03, 0.22] 

 

99% 99% 

  

84% 85% 

m
L ev  0.43 

  

m
L ev  0.38 

 

 

[0.19, 0.70] 

   

[0.22, 0.56] 

 

 

78% 

   

100% 

 
m

C S  

 

8.02 

 

m
C S  6.39 

  

[3.72, 12.39] 

   

[3.83, 9.66] 

  

89% 

   

100% 
2

. a d j R  0.58 0.61 

 

2

. a d j R  0.06 0.07 

 

[0.38, 0.73] [0.41, 0.75] 

  

[0.03, 0.11] [0.04, 0.12] 

N_year 49 49 

 

N_month 598 598 
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Table 4.6:  Returns on portfolios sorted by exposure to CIV 

This table reports the cross-sectional return difference of the portfolios sorted by exposure to the common IVOL factor (CIV). We run firm-by-firm time-series 

regressions 
, , , ,i t f i t C IV i t i t

r r C IV        in a 60-month rolling window to estimate 
,

,
C IV i

 the exposure to the innovations in CIV. We sort the stocks by 
C IV

  into 

quintiles in the current month and hold the portfolios in the next month. We construct the sample from repeated simulations on the optimal upward refinancing capital 

structure model in Goldstein et al. (2001). We report the mean, 5
th

 and 95
th

 percentile values (numbers in brackets) from repeated simulations for each variable in each 

quintile. N is the number of stocks. 

C IV
 rank 1-Low 2 3 4 5-High H-L 

C IV
  -3.14 -1.61 -0.95 -0.32 0.77 3.92 

 

[-3.84, -2.08] [-2.2, -0.56] [-1.55, 0.21] [-0.97, 0.94] [-0.04, 2.35] [3.29, 4.71] 

       
1

( ) 
t

r E W


 2.01 0.91 0.77 0.74 1.16 -0.84 

 

[1.72, 2.25] [0.69, 1.14] [0.5, 1.03] [0.45, 1.01] [0.89, 1.44] [-1.18, -0.48] 

1
( ) 

t
r V W


 0.59 0.36 0.31 0.30 0.33 -0.25 

 

[0.29, 0.82] [0.06, 0.67] [0.03, 0.59] [-0.03, 0.58] [0.01, 0.64] [-0.37, -0.13] 

       IVOL 0.53 0.42 0.40 0.39 0.43 -0.10 

Leverage 0.57 0.48 0.46 0.46 0.48 -0.09 

Credit spread 325.69 262.97 249.49 245.54 265.72 -59.96 

Size 85.67 127.01 140.23 145.81 132.55 46.88 

C A P M
  1.59 1.22 1.16 1.15 1.27 -0.32 

N 938 939 939 939 939   
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Table 4.7: Returns on portfolios sorted by IVOL 

This table reports the cross-sectional return difference of the portfolios sorted by IVOL. We sort the stocks by IVOL into quintiles in the current month and hold the 

portfolios in the next month. We construct the sample from repeated simulations on the optimal upward refinancing capital structure model in Goldstein et al. (2001). 

We report the mean, 5
th

 and 95
th

 percentile values (numbers in brackets) from repeated simulations for each variable in each quintile. N is the number of stocks. 

IVOL rank 1-Low 2 3 4 5-High H-L 

IVOL 0.26 0.32 0.36 0.43 0.72 0.46 

 

[0.25, 0.27] [0.3, 0.33] [0.34, 0.38] [0.4, 0.47] [0.61, 0.83] [0.36, 0.56] 

       
1

( ) 
t

r E W


 0.21 0.41 0.55 0.73 3.20 2.98 

 

[-0.09, 0.51] [0.07, 0.74] [0.16, 0.92] [0.3, 1.09] [2.84, 3.55] [2.36, 3.47] 

1
( ) 

t
r V W


 0.03 0.28 0.44 0.62 1.30 1.27 

 

[-0.25, 0.3] [-0.01, 0.56] [0.1, 0.73] [0.2, 0.97] [1.06, 1.51] [1.12, 1.45] 

       
C IV

  -0.82 -0.87 -0.94 -1.09 -1.49 -0.68 

Leverage 0.36 0.39 0.44 0.52 0.68 0.32 

Credit spread 190.96 207.25 229.81 274.41 403.00 212.04 

Size 173.39 149.19 123.95 88.13 42.18 -131.20 

C A P M
  0.94 0.98 1.05 1.21 2.01 1.07 

N 985 986 986 986 985   
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Table 4.8: Longer-term performance of the portfolios sorted by IVOL 

This table reports the monthly returns of portfolios sorted by IVOL. We estimate the monthly IVOL as 

the residual return volatility from CAPM using daily equity returns. We sort the stocks by IVOL into 

quintiles in the formation month t, and hold the portfolios in the following three month t+1 to t+3. We 

construct the sample from repeated simulations on the optimal upward refinancing capital structure model 

in Goldstein et al. (2001). We report the mean, 5
th

 and 95
th

 percentile values (numbers in brackets) of the 

portfolio returns from repeated simulations. 

Rank N t t+1 t+2 t+3 

1-Low 985.24 0.91 0.21 0.25 0.26 

[0.58, 1.25] [-0.09, 0.51] [-0.05, 0.56] [-0.06, 0.57] 

2 985.81 0.83 0.41 0.41 0.41 

[0.46, 1.2] [0.07, 0.74] [0.07, 0.73] [0.08, 0.74] 

3 985.81 0.77 0.55 0.54 0.54 

[0.41, 1.14] [0.16, 0.92] [0.16, 0.88] [0.17, 0.9] 

4 985.81 0.79 0.73 0.75 0.76 

[0.45, 1.11] [0.3, 1.09] [0.37, 1.1] [0.37, 1.1] 

5-High 985.43 1.99 3.2 3.06 3.06 

[1.58, 2.31] [2.84, 3.55] [2.74, 3.4] [2.74, 3.41] 

High-Low 1.08 2.98 2.81 2.81 

[0.36, 1.61] [2.36, 3.47] [2.21, 3.24] [2.2, 3.26] 
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Table 4.9 Full panel correlations 

For each simulation run, we compute the full panel correlations between the main variable ,
C IV

  size, IVOL, leverage, credit spread (CS) and 
1t

r


 as a proxy for 

expected equity returns. This table reports the mean, 5
th

 and 95
th

 percentile values (numbers in brackets) of the correlations from repeated simulations. We construct the 

sample from repeated simulations on the optimal upward refinancing capital structure model in Goldstein et al. (2001).  

 C IV
  Size IVOL Leverage CS C A P M

  
1t

r


 

C IV
  1 

      

        Size 0.18 1 

     

 

[0.09, 0.26] 

      IVOL -0.17 -0.59 1 

    

 

[-0.24, -0.08] [-0.70, -0.46] 

     Leverage -0.21 -0.78 0.73 1 

   

 

[-0.29, -0.11] [-0.87, -0.67] [0.67, 0.77] 

    CS -0.21 -0.77 0.81 0.98 1 

  

 

[-0.29, -0.11] [-0.87, -0.67] [0.75, 0.84] [0.97, 0.98] 

   
C A P M

  -0.14 -0.46 0.61 0.56 0.62 1 

 

 

[-0.19, -0.07] [-0.54, -0.36] [0.53, 0.65] [0.50, 0.60] [0.56, 0.66] 

  
1t

r


 -0.02 -0.07 0.11 0.07 0.09 0.09 1 

  [-0.02, -0.01] [-0.07, -0.06] [0.10, 0.12] [0.06, 0.07] [0.08, 0.09] [0.08, 0.10]   
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Table 4.10: Fama-MacBeth regression 

This table reports the Fama-MacBeth regression results. The dependent variable is the firm-level equity 

return. 
C IV

  is the individual firm’s exposure to the common IVOL factor CIV. IVOL is the monthly 

idiosyncratic equity return volatility. We report the mean, 5
th

 and 95
th

 percentile values (numbers in 

brackets) for the estimated coefficients from repeated simulation runs. The percentages are the percentage 

of simulation runs in which the estimated coefficient is significant at the 5% level. N is the number of 

months. We construct the sample from repeated simulations on the optimal upward refinancing capital 

structure model in Goldstein et al. (2001). 

(1) (2) (3) 

C IV
 -0.32 0.13 -0.01

[-0.50, -0.17] [0.05, 0.25] [-0.07, 0.05] 

99% 93% 14% 

IVOL 10.38 

[9.54, 11.58] 

100% 

Leverage 9.89 

[9.18, 10.66] 

100% 

2

. a d j R 0.01 0.05 0.04 

N 540 540 540 
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Appendix 4.A. Common Factor Structure of Idiosyncratic Volatilities 

Duarte et al. (2014) and Herskovic et al. (2016) find a common factor structure in 

idiosyncratic volatilities; Chen and Petkova (2012) do not point out the common factor 

structure in volatilities directly, but propose that the average variance is a priced factor 

for the cross-section of stock returns. On the surface, these three papers appear to be 

both in agreement and in contradiction with one another. They all agree that the cross-

section of firm-level residual volatilities shows co-movement, and that the cross-

sectional average residual volatility captures a substantial part of that co-movement.
 

35F

38
 

They seem to disagree however on the correct interpretation of the factor. We clarify 

their similarities and differences below. 

As Cochrane (2009) notes, depending on the context, the words “systematic” and 

“idiosyncratic” are defined differently in asset pricing, so it is important to make clear 

which definition is being used. On the one hand, in consumption-based asset pricing 

theory, “systematic” refers to the projection of a (future) return/payoff on the pricing 

kernel, and “idiosyncratic” refers to the residual of that projection. By definition, 

residuals (either in a time-series or cross-sectional dimension) are uncorrelated with the 

pricing kernel; i.e., the residuals do not carry a risk premium, but they may be correlated 

with one another. 

On the other hand, in a factor pricing framework like the Ross (1976) Arbitrage Pricing 

Theory (APT), “systematic” refers to the elements of a factor decomposition of the 

covariance matrix of (realized) returns, whereas “idiosyncratic” in that context refers to 

the residual, being the component of the payoff that is uncorrelated with all other 

payoffs.36F

39
 Fama-French type models focus on explaining average returns, arguing that 

                                                           
38

 In this section, we deliberately use “residual” rather than “idiosyncratic” as the ambiguity of the latter 

term drives the apparent contradiction between the papers. 
39

 This is the strongest version of the APT; the argument still holds if the residuals are weakly correlated 
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idiosyncratic returns have zero mean. This type of factor model is not constructed to 

eliminate all possible common variations in stock returns, so the idiosyncratic returns 

may be correlated with one another as in the consumption-based asset pricing theory. 

One way to think about the distinction is as follows. Note that we suppress time 

subscripts and conditioning information in most of what follows for ease of notation, 

even though generally we would be interested in conditional asset pricing models.37F

40
 For 

both definitions of “systematic” and “idiosyncratic”, it is true that any gross return R 

satisfies  

1 { } ,E m R      (4.17) 

with m the pricing kernel. In factor pricing models as we consider them here, the 

underlying assumption is that m is linear in some set of factors f, with coefficients a and 

b, 

m a b f       (4.18) 

As Roll (1977) and Cochrane (2009) note, one can always write down an expected 

return-beta model for net returns 
,i t

r , 

,
i i i i

r f         (4.19) 

{ } ,            1, 2 , ...,
i i

E r i N       (4.20) 

where the loadings 
i

  for asset i can be estimated by running the regression in (4.19), 

                                                                                                                                                                          
in a sense to be made precise. 
40

 A caveat here is the Hansen and Richard (1987) critique arguing that, since the conditioning 

information set of the econometrician is by definition coarser than that of an investor, a conditional linear 

factor model is not directly testable. Rather, instruments will have to be used. 
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and with λ the vector of prices of risk. If the factors are traded, { }E f  ; in general, λ 

can be determined by running the cross-sectional regression (4.20). 

As stated above, the starting point of the Ross (1976) Arbitrage Pricing Theory is to use 

observed returns to identify common components, and use those to make a statement 

about expected returns, by making sure that the residual risks have zero price; i.e., they 

are idiosyncratic. This definition is our focus in this paper. The Arbitrage Pricing 

Theory uses the term “factor” in a purely statistical sense, putting a restriction on the 

covariance structure of the return matrix, 

1 2

2

1

2

C o v ( )

[ ]

( )

( )

0

0

k

k

R D

g

D

g

 

   





  

  

 

 
  

 
 

(4.21) 

with 
k

  the 1 N  vector of loadings on factor k, 
2

( )
k

g the variance of the k-th factor, 

and  the covariance matrix of the residual returns. The identifying assumption is that 

the covariance between the residuals is either zero or small in some sense. Then we can 

write for the return on asset i 

,
.

i t i i i
r a g    (4.22) 

Since correlation is a linear operator, the definition of a factor in the APT from (4.21) 

leaves open the possibility that idiosyncratic returns are dependent on one another when 

considering higher-order moments, as long as returns are not unconditionally normally 

distributed, in which case no correlation implies independence. The apparently 

surprising conclusion reached in Herskovic et al. (2016)―namely that a common factor 
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in idiosyncratic volatilities remains even after all factors apparent in the covariance 

matrix of R are taken out―is therefore surprising only when returns are implicitly 

assumed to be unconditionally normal. The conclusion reached by Herskovic et al. 

(2016) is that there is a (statistical) factor structure in 
2

C o v ( ) , 

2 2
C o v ( ) ( ) .h


     (4.23) 

Such a covariance structure can be identified by considering non-linear assets such as 

squared excess returns (Renault, van der Heijden, and Werker, 2016). In sum, g would 

be a subset of f, which is exactly what Chen and Petkova (2012), Duarte et al. (2014) 

and Herskovic et al. (2016) find when examining mean returns of portfolios constructed 

by sorting on the loading on the common factor in idiosyncratic volatilities. 

The two different uses of “systematic” and “idiosyncratic” can cause confusion when, 

for example, trying to align the arguments in Chen and Petkova (2012) and Duarte et al. 

(2014) with those in Herskovic et al. (2016). In Chen and Petkova (2012) and Duarte et 

al. (2014), the (economic) factor pricing model implicitly assumed is a version of 

equation (4.18) above, which is derived directly from a consumption-based asset pricing 

model. The conclusion drawn by Chen and Petkova (2012) and Duarte et al. (2014) that 

there is a missing risk factor is equivalent to saying that the pricing kernel from that 

consumption-based asset pricing model is misspecified and that the residual returns 

contain a factor structure in an expected return-beta sense, 

.
i i i

h u   (4.24) 

In this setting, they correctly argue that the common (economic) factor identified from 

idiosyncratic volatilities, and proxied by a long-short stock portfolio, is a missing risk 

factor in the original model and has a non-zero price. 
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In contrast, the (statistical) factor model that Herskovic et al. (2016) have in mind 

throughout most of their empirical analysis appears to be a version of the APT as in 

(4.22). In that setting, their argument that the common (statistical) factor in 

idiosyncratic volatilities cannot be identified by examining returns alone is correct as 

well, because the factor does not affect the covariance matrix of realized (linear) 

returns, but only higher-order moments. A sufficient condition for such higher-order 

factors to occur is stochastic (idiosyncratic) return volatilities.  
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Appendix 4.B. Symbols in Chapter 4 

This table lists the definitions of symbols used in Sections 4.2 and 4.3. 
 

Symbols Description 

Superscripts 

A Assets (of a firm or the market portfolio) 

E Equity (of a firm or the market portfolio) 

Subscripts 

i A firm 

m The market portfolio 

t One period 

f Risk-free 

Symbols in Section 4.2 

𝛽𝑖
𝐴 Asset beta of firm i 

𝑟𝑚,𝑡
𝐴  Period t return on the market portfolio of all assets 

𝑟𝑖,𝑡
𝐴  Period t return on firm i’s assets 

𝑟𝑖,𝑡
𝐸  Period t return on firm i’s equity 

𝑟𝑓 Risk free rate 

𝑒𝑖𝑡
𝐴 

The idiosyncratic return of the period t return on the assets of firm i 

measured relative to the return on the market portfolio of all assets 

𝜎𝑖
𝐴 The idiosyncratic volatility of return on the assets of firm i 

𝐸{𝑟𝑚,𝑡
𝐴 } Expected asset returns 

𝑉𝑖,𝑡−1
𝐴  The value of firm i’s assets at the start of period t 

𝐷𝑖,𝑡−1
𝐴  The value of the debt of firm i at the start of period t 

𝜆 The weight put on the desired firm-specific asset-to-equity ratio 

Symbols in Section 4.3 

  

d𝑍 
Brownian motion’s common factor Z under the risk-neutral probability 

measure 

d�̃� 
Brownian motion’s common factor Z under the objective probability 

measure 

d𝑊𝑖 
Brownian motion’s firm-specific factor Z under the risk-neutral 

probability measure 

d𝑊�̃� 
Brownian motion’s firm-specific factor Z under the objective probability 

measure 
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Symbols Description 

𝛿𝑖 Asset payout flow of firm i 

𝜌𝑖 
the proportion of the total asset variance contributed by the common 

shock Z 

𝑟𝑓 Risk-free rate 

𝜃 Sharpe ratio of the exposure to the common shock dZ 

𝜎 Asset return volatility 

𝛼 Bankruptcy cost 

휀 Tax shield effective rate when bankruptcy 

𝑞 Restructuring (refinancing) cost rate 

𝜇 Drift of the payout flow rate 

𝛾 Upward refinancing scaling factor 

n The number of refinancing rounds that have taken place 

𝜏𝑖 Personal interest income tax rate 

𝜏𝑑 Personal dividend income tax rate 

𝜏𝑐 Corporate tax rate 

C Coupon payment 

𝐶0 Initial coupon payment 

𝐶1 
The coupon payment after the first refinancing when the firm remains 

solvent 

𝐶𝑛 
The coupon payment after the n

th
 refinancing when the firm remains

solvent 

𝑉𝑖,0 Initial asset value of firm i 

𝑉0 Initial asset value of a firm 

𝑉𝑡 Asset value at time t 

𝑉𝑍 Asset value at the beginning of each period after the previous refinancing 

𝑉𝐵 Bankruptcy threshold 

𝑉𝐵.0 Bankruptcy threshold before bankruptcy or the first refinancing 

𝑉𝐵.𝑛 Bankruptcy threshold after the n
th

 refinancing and before bankruptcy or

the next refinancing 

𝑉𝑈 Upward refinancing threshold 

𝑉𝑈.0 Upward refinancing threshold before bankruptcy or the first refinancing 

𝑉𝑈.𝑛 Upward refinancing threshold after the n
th

 refinancing and before

bankruptcy or the next refinancing 

𝑃𝑈(𝑉) The present value of a claim that pays $1 contingent on firm value 

reaching 𝑉𝑈 

𝑃𝐵(𝑉) 
The present value of a claim that pays $1 contingent on firm value 

reaching 𝑉𝐵 

𝑒0(𝑉0) The period 0 present values to the dividends after the initial debt issuance, 

but before bankruptcy or next refinancing 
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Symbols Description 

𝑑0(𝑉0) The period 0 present values to the coupon payments after the initial debt 

issuance, but before bankruptcy or next refinancing 

𝑔0(𝑉0)
The period 0 present values to the taxes after the initial debt issuance, but 

before bankruptcy or next refinancing 

𝑒0(𝑉0) The period 0 present values to the dividends after the initial debt issuance, 

but before bankruptcy or next refinancing 

𝑑0(𝑉0) The period 0 present values to the coupon payments after the initial debt 

issuance, but before bankruptcy or next refinancing 

𝑔0(𝑉0)
The period 0 present values to the taxes after the initial debt issuance, but 

before bankruptcy or next refinancing 

𝐷0(𝑉0) Initial debt value 

𝐸(𝑉0) Initial equity value 

𝐸(𝑉0−) Initial equity value before issuing any debt 

𝐷(𝑉𝑡) Debt value at time point t 

𝐸(𝑉𝑡) Equity value at time point t 

𝐸(𝑉𝑍−) Equity value immediate before the next refinancing 
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Appendix 4.C. Correlations and IVOL persistency 

In the capital structure model in Goldstein et al. (2001), the credit spread is a direct 

positive transformation of financial leverage. In Table 4.5, we examine the determinants 

of CIV at the market level using the market average credit spread and the market 

average financial leverage as dependent variables. In Table 4.C1, we examine the 

correlations between the market average credit spread and the market average financial 

leverage both in levels and in differences. We do not include the two variables in one 

regression because they are very highly correlated. 

Table 4.C1: Correlations between financial leverage and credit spread 

In the first row, we calculate the market average financial leverage and the market average credit spread 

in each year (or month), and compute the correlations between the two. Similarly, in the second row, we 

compute the correlation between the changes in market average financial leverage and the changes in 

market average credit spread. This table reports the mean, 5
th

 and 95
th

 percentile values (numbers in 

brackets) of the correlations from repeated simulations. We construct the sample from repeated 

simulations of the optimal upward refinancing capital structure model in Goldstein et al. (2001). 

Annual Monthly 

CORR (CS, Leverage) 0.997 0.997 

[0.995, 0.998] [0.996, 0.998] 

CORR (∆CS, ∆Leverage) 0.994 0.990 

[0.990, 0.997] [0.985, 0.994] 
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In our numerical analysis based on the capital structure model in Goldstein et al. (2001), 

we find a significant positive relation between IVOL and expected stock returns. In 

Table 4.C2, we further examine the persistence of the IVOL ranking and returns for the 

high-IVOL stocks over longer holding horizons. We show that more than 50% (507.9 

out of 985.4) of the stocks sorted into the top IVOL quintile in the current month remain 

in the top quintile in each of the next three months, and that this group of stocks earns 

higher average returns than the other stocks which initially were also part of the top 

quintile.   

Table 4.C2: Persistence of IVOL ranking in the high IVOL quintile 

We focus on the stocks sorted into the top IVOL quintile in the formation month t, and further divide the 

quintile in the subsequent month (t+1) based on whether they remain in the top IVOL quintile, and repeat 

the sorting in month t + 2 and t + 3. “H” refers to the stocks that remain in the top IVOL quintile, “L” 

refers to stocks that drop out of the top IVOL quintile. For example, groups HHH and HHL are 

constructed by splitting the stocks in group HH based on whether or not they remain in the top IVOL 

quintile by the end of month t + 2. This table reports the mean, 5
th

 and 95
th

 percentile values (numbers in 

brackets) of the number of stocks and the returns for each group from repeated simulations. N is the 

number of stocks. We construct the sample from repeated simulations of the optimal upward refinancing 

capital structure model in Goldstein et al. (2001). 

rank N t t+1 t+2 t+3 

HHH 507.9 4.32 

[439.29, 539.99] [3.91, 4.76] 

HHL 120.57 1.01 

[116.93, 127.94] [0.48, 1.45] 

HH 627.63 3.88 3.84 

[567, 657.28] [3.5, 4.27] [3.48, 4.25] 

H 985.43 1.99 3.2 3.06 3.06 

[971.98, 995.43] [1.58, 2.31] [2.84, 3.55] [2.74, 3.4] [2.74, 3.41] 

HL 359.9 0.87 1.1 

[315.35, 426.42] [0.4, 1.27] [0.8, 1.4] 

HLH 105.26 1.61 

[96.24, 116.19] [1.35, 1.89] 

HLL 255.17 0.78 

[219.3, 310.82] [0.38, 1.16] 
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Appendix 4.D. Numerical Solution and Simulation Algorithm 

We study a cross-section of firms whose capital structure decisions follow the Goldstein 

et al. (2001) upward refinancing capital structure model. In this section, we follow their 

notation. Given the input parameters, the first step is to numerically solve for the initial 

optimal * * *
, a n d  

B
C V  endogenously. The second step is to simulate the firm’s asset 

value over a long horizon (daily data over 50 years) and repeat this for a cross-section of 

firms. If a firm defaults, a new firm is introduced with the same characteristics. The 

(unbalanced) panel of daily firm asset returns that results is then used to compute equity 

returns, IVOL and other metrics analyzed in this Chapter. The details of the two steps 

are as follows. 

Step 1 Numerical solution 

At time t=0 (beginning), management maximizes the equity value before issuing the 

initial debt, 

0 0 0 0 0 0

0

0

( ) ( ) ( )
( ) .

1 ( )
U

e V d V q D V
E V

p V


 




Then, firm management chooses the initial coupon payment C, upward refinancing 

multiplication factor   and bankruptcy boundary VB such that the total equity value 

0
( )E V for arbitrary V during any time after the initial debt issuance and before the first 

upward refinancing is maximized. 0

0
d V  and 0

0
e V  are the period 0 present values to the 

coupon payment and dividends, respectively, after the initial debt issuance, but before 

bankruptcy or next refinancing. The descriptions of the symbols are listed in Appendix 

4.B. The first-order-condition (FOC) is
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Furthermore, the upward refinancing threshold equals 

0
,

U
V V  

the market value of debt 

0 0

0 0

0

( )
( ) ,

1 ( )
U

d V
D V

p V



 

( )
B

p V  is the present value of a claim that pays $1 contingent on firm value reaching 

,
B

V  ( )
U

p V  is the present value of a claim that pays $1 contingent on firm value 

reaching 
U

V (before reaching 
B

V ), 

( )

(

,

,

.

)
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y xB B

U
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The total value of the firm can then be written in terms of its components as 

, 0

0

,0

,0

( ) ( ) ( )

( ) [1 ( ) ( )]

( ) ( )

so lv U U B B

in t U B

d e f B B

V V V p V V p V V

C
V V p V p V

r

V V p V V

  

  



 

, 0
( )

so lv
V V  is the total present value of claims of equity holders, debt holders and 

government to the firm while the firm is solvent. 
, 0

( )
in t

V V  is the present value of the 

claim to interest payment while the firm is solvent. 
, 0

( )
d e f

V V  is the present value of the 

default claim. 

The value of debt and equity at any point between two consecutive restructuring epochs 

equals 

0 ,0 ,0 0

1 2 * 1 2 *

( ) (1 ) ( ) (1 )(1 ) ( ) ( )

( ) ( ) ( ) ( ) .

i in t e f f d e f

y x y x

d V V V V V e V

C C
B V B V K V H V V A V A V K V V V

r r

  

   

    

   
           
   
   

 

1 2 *

0

1 2 *

( )      i f  ( )

( )

( )      i f  ( ) .

y x

y x

C
A V A V K V V V

r
e V

C
B V B V K V H V V

r

 

 


   


 

    


 

Following Goldstein et al. (2001), the value of equity loses some of the tax shield when 

V drops below a specified level 
*

V , to reflect the fact that a firm that is not profitable 

loses part of its tax shelter. As in Goldstein et al, we assume the threshold for the tax 

shield not be fully captured to be 
*

1 7V C .  

We define the following helper variables. 
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Finally, we also impose boundary conditions on the decision variables, 

0

*

,  0

,

,

1

0 .

B

B

V V

V V

C



 







We numerically solve for the initial optimal * * *
, a n d  

B
C V  and then we can also 

compute the main variables as follows. 

 The initial total equity value of a levered firm

0 0 0 0 0 0 0 0
( ) ( ) ( ) ( ) ( ) ( )

U U
E V p V E V e V p V D V


  

 The value of debt

0 0

0 0

0

( )
( )

1 ( )
U

d V
D V

p V




 The initial (optimal) leverage ratio
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0 0

0

0 0 0

( )

( ) ( )

D V
L e v

D V E V



 

 Credit spread 

0 0
( / ) [ / (1 )]

i
C S C D r     

Step 2 Simulation of the dynamic model 

We start with a cross-section of 5000 identical firms. We simulate daily returns 

assuming 252 trading days per year over a 50 year period. If 
*

B t U
V V V  , then the firm 

moves to next instant without any action. Each time the firm’s asset value reaches the 

upward refinancing threshold  t U
V V , the firm buys back the current debt and issues 

more debt, and scales up C, VB, and VU by ,  where   is a constant throughout time. If 

the firm asset value reaches the bankruptcy boundary  
*

t B
V V , then the firm goes 

bankrupt. 

We generate a time-series of asset values 
t

V  for each firm, and then compute the daily 

equity value  t
E V  using equation (4.19). The equity return is measured as a simple 

return,    , -1
/ - 1

E

i t t t
r E V E V . Finally, we compute monthly and annual IVOL from the 

daily equity returns. 
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Chapter 5 

Conclusions 

5.1 Summary of the thesis 

This thesis contributes to the existing literature on two separate stylized facts of IVOL: 

the IVOL puzzle and the common factor structure in IVOL. In the first essay (Chapter 

3), I provide further evidence on the persistence of the IVOL puzzle and conclude that 

market frictions are unlikely to explain the puzzle, leaving room for fundamental factors 

to drive the puzzle. I propose the convex stock return pattern induced by real options as 

a possible source and find it has some explanatory power for the IVOL puzzle, albeit it 

not sufficient to declare the puzzle solved. In the second essay (Chapter 4), we 

theoretically and quantitatively show that time-varying financial leverage generates the 

common factor structure in IVOL. We also show that financial leverage can generate 

the negative cross-sectional pricing of exposure to this common factor documented in 

the literature.  

In the first essay (Chapter 3), I investigate the IVOL puzzle documented in Ang, 

Hodrick, Xing, and Zhang (2006). Hou and Loh (2016) find that many of the existing 

explanations explain only a small portion of the puzzle. The findings in Hou and Loh 

(2016) also recognize that explanations based on short-term return reversals cannot fully 
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explain the puzzle, but remain as prominent possible explanations. I provide new 

empirical evidence relevant to the debate on explanations of the IVOL puzzle by 

investigating the longer-term performance and the return reversal properties of high-

IVOL stocks.  

I show that only the subset of high-IVOL stocks which perform well in the formation 

month show a return reversal pattern, whereas the subset of high-IVOL stocks which 

perform poorly in the formation month continue to lose in the future. Both subsets of 

high-IVOL stocks contribute to the puzzlingly low subsequent returns, with the IVOL 

puzzle being stronger for the stocks performing poorly in the formation month. I also 

show that the low returns of both subsets persist over longer holding periods of up to 12 

months. Taken together, the findings suggest that high-IVOL stocks may follow not 

only a return reversal pattern, but also a return pattern that reflects some fundamental 

source(s) driving the puzzle. 

I examine the existing risk-based arguments and find that the common IVOL factor 

proposed in Duarte, Kamara, Siegel, and Sun (2014) substantially reduces the 

persistence of the IVOL puzzle. Furthermore, I provide an economic interpretation of 

the persistence of the IVOL puzzle based upon the convex return pattern of high-IVOL 

stocks. I find that high-IVOL stocks tend to have a high ratio of R&D expenditure to 

total assets, at both the industry level and within each industry, indicating that high-

IVOL stocks have many real options. I follow the theoretical framework in Jagannathan 

and Korajczyk (1986) and show empirically that the convex return pattern of the high-

IVOL stocks induced by real options generates a negative alpha. However, the IVOL 

puzzle remains significant. 

In the second essay (Chapter 4), we investigate the common factor structure in IVOL as 

documented recently by Duarte et al. (2014) and Herskovic, Kelly, Lustig, and Van 
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Nieuwerburgh (2016). We provide an explanation of the common factor structure in 

IVOL based on time-varying financial leverage. We show that the measure of IVOL 

reflects the time variation in leverage under very mild conditions, even when the 

residual equity returns are uncorrelated and the fundamental cash flow volatility is a 

constant. A sufficient condition is for firms to not fully adjust to their target leverage 

each period. In that case, the leverage of all firms tends to increase (decrease) when the 

economy does poorly (well), and the IVOL of all firms tend to increase (decrease) 

together. 

We quantitatively examine the relation between financial leverage and the common 

factor in IVOL in the Goldstein, Ju, and Leland (2001) capital structure model. We 

show that a single common factor in IVOL explains a large fraction of the time 

variation in firm-level IVOL. The common factor structure in IVOL totally disappears 

when an unlevered sample is used in our analysis. We also find supporting evidence 

from the pairwise correlations between portfolios’ average IVOL, as well as a market-

level time-series regression to examine the determinants of the innovations in common 

factor in IVOL.  

We also examine the cross-sectional pricing effects associated with the common factor 

in IVOL (we denote this common factor as CIV) and IVOL. We find that the exposure 

to CIV shocks is negatively priced in the cross-section but IVOL is positively priced. 

Under the framework of Goldstein et al. (2001), financial leverage explains these two 

pricing effects jointly. IVOL is a positive monotonic transformation of the firm’s 

financial leverage, while the firm’s exposure to CIV shocks has a negative relation with 

financial leverage. As a result, firms with high (low) leverage tend to have high (low) 

IVOL but low (high) exposure to CIV shocks and high (low) expected returns. 
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5.2 Limitations of the thesis and potential future research 

A limitation of the first essay is that while the proposed convex return pattern induced 

by real options has a sound theoretical foundation, in practice its explanatory power is 

modest. The measure of extreme market returns I use in this paper is similar to the 

skewness factor used in Harvey and Siddique (2000). Alternative measures can be 

considered that capture the extreme returns without a close link to skewness. An 

obvious limitation of the second essay is that it is based on simulated data. 

Nevertheless, the results give a strong indication of what may be occurring in real stock 

markets and point to a set of empirical tests that could be done. 

The findings in the first essay (Chapter 3) suggest that if future research is to fully 

explain the IVOL puzzle, it must address the empirical fact that high IVOL stocks 

continue to earn low returns over prolonged periods of time than recognized in most of 

the literature and that this performance is independent of the stock’s performance in the 

portfolio formation month. Several recent studies provide promising potential 

explanations, such as asymmetric arbitrage (Stambaugh, Yu, and Yuan, 2015), 

unaccounted skewness risk (Schneider, Christian, and Zechner, 2016), and public news 

arrival (Shi, Liu, and Ho, 2016). Research into connections between real options and 

skewness and their relative roles in explaining the IVOL puzzle might also prove useful. 

An extension of the second essay (Chapter 4) is to use empirical data to investigate the 

mechanisms that are so strongly implied by the simulation results. Two recent papers 

suggest relevant empirical methodologies. Doshi, Jacobs, Kumar, and Rabinovich 

(2016) propose a method to adjust levered equity returns for leverage and analyse these 

“delevered returns”; Choi and Richardson (2016) propose a method to compute asset 

volatility directly from data on corporate bond returns. The considerable proportion of 

firms with zero leverage or almost-zero leverage could provide another setting in which 
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to test whether the IVOL of unlevered firms co-moves with the IVOL of levered firms. 

In addition, there should be interactions between firms’ cash holdings, operating 

leverage, financial leverage and IVOL. There is scant empirical evidence on this issue. 
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