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Abstract 
Given the availability of daily data over 1926-1962, it is surprising that there 
is no research examining the idiosyncratic volatility (IV) puzzle over this ear-
ly period. This paper conducts an out-of-sample test on the IV phenomenon. 
We find that the negative relation between IV and expected returns only ex-
ists during the period 07/1963-12/1989, implying that the puzzle may be a 
result of data snooping bias. The result on time-special anomaly is robust for 
different sorting breakpoints and alternative measure of idiosyncratic volatil-
ity. Infrequent trading cannot account for the low average returns of stocks 
with high idiosyncratic volatility. With a striking contrast, the involving of 
short-term return reversals eliminates this dilemma. 
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1. Introduction 
The systematic risk principle shows that firm-specific risk or idiosyncratic vola-
tility (IV) should not carry a premium, whereas IV should positively predict re-
turn under Merton’s [1] incomplete-information model1 [2] [3] [4] [5]. Howev-
er, Ang et al. [6] [7] find that IV predicts returns negatively. This contradictory 
finding to theory, which is referred to as the idiosyncratic volatility puzzle, has 
attracted a great deal of attention in the literature2 [8]-[21]. In this paper, we in-

 

 

1There are studies reporting consistent evidence with Merton [1], e.g., Malkiel and Xu [2], Spiegel 
and Wang [3], Fu [4], and Chua et al. [5]. 
2Studies have attempted to find the causes of the IV puzzle, e.g., the abnormal turnover (Connolly 
and Stivers, [8]), the expected idiosyncratic skewness (Boyer et al. [9]), coskewness (Chabi-Yo and 
Yang [10]), short-term price reversal (Huang et al. [11]), illiquidity (Bali and Cakici [12]; Han and 
Lesmond [13]), earnings surprises (Jiang et al. [14]; Wong [15]), maximum daily return (Bali et al. 
[16]), average variance (Chen and Petkova [17]), proportion of retail trading (Han and Kumar [18]), 
and lottery preferences of investors (Barberis and Huang [19]; Hou and Loh, [20]). An early study 
by Johnson [21] also shows the negative IV-return relation being due to unpriced information risk. 
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vestigate whether the IV effect is a result of data snooping bias. In particular, it is 
surprising that there is no study examining the IV-return relation over the early 
1926-1962 period when daily data have been available since 2006. Thus, we at-
tempt to test whether the idiosyncratic volatility puzzle is a result of data snoop-
ing bias. Furthermore, we try to explore the question of what drives the puzzle in 
a specific period in which idiosyncratic volatility is robust. 

Specifically, we tackle the following issues in this paper. First, we focus on 
the performance of IV puzzle in different periods. We use the standard devia-
tion of residuals from the Fama-French three-factor model and CRSP break-
points to allocate all stocks to ten groups (Low to High) during the periods 
07/1926-06/1963 and 07/1963-12/2014. The results of portfolios analysis suggest 
that the significant negative relation between IV and subsequent stock returns 
exists during 07/1963-12/2014. To further examine the time-specific perfor-
mance of the IV puzzle, we divide 07/1963-12/2014 into two subsamples in av-
erage. We find that the puzzle is distinct during the first period 07/1963-12/1989. 
To make the results more robust, we also use NYSE breakpoints and the stan-
dard deviation of residuals from the Fama-French five-factor model to repeat the 
process, respectively. The results do not make us disappoint, and increase our 
interest in continuing to explore the reasons for the prominent puzzle over this 
period.  

Second, we examine the role of infrequent trading in dissecting the idiosyn-
cratic volatility puzzle. Liu [22] shows that the addition of liquidity factor based 
on zero daily trading volumes can explain established market anomalies such as 
size, book-to-market, and long-termcontrarian premiums. Similarly, some stu-
dies also provide the evidence that infrequent trading has a significant effect on 
the efficiency of stock markets [23] [24] [25] [26]. As a consequence, we con-
struct a rearranged CRSP daily return considering the influence of infrequent 
trading and use a five-factor model to estimate the IV. Similarly, we construct 
decile portfolios based on the new proxy for IV. The results of portfolio returns 
suggest that the negative relationship between IV and expected returns is not al-
leviated when infrequent trading is considered during the prominent puzzle pe-
riod 07/1963-12/1989. 

Third, following Fu [4] and Huang et al. [11], who find that the return reversals 
help explain the well-known IV puzzle, we examine whether the puzzle disappears 
after short-return reversals are controlled for. We proceed the cross-sectional re-
gression and calculate the time-series averages of estimated coefficients. As we 
expected, the negative relation between IV and expected returns is particularly 
significant when the stock returns in the previous month are not involved. 
However, the negative significant relationship is gone after involving the indi-
vidual stock return during the previous month. We don’t stop footstep there. We 
move on with a portfolio analysis as before. Specifically, we leave a one-month 
gap between the portfolio formation date and holding period. We form ten 
portfolios every month by sorting all stocks with standard deviation of the resi-
dual from a five-factor model. Supporting the findings of Fu [4] and Huang et al. 
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[11], we find that the H-L portfolio return is negative but insignificant during 
07/1963-12/1989.  

We contribute to the literature in the following ways. First, we extend the time 
horizon of empirical studies on IV anomaly. Given the fact that the research on 
U.S. stock market anomalies begins in July 1963 in general, yet the studies using 
pre-1963 data are rare. Motived by Davis et al. [27], we extend the data of Ang et 
al. [7] back to 1926. Second, and perhaps most importantly, this paper provides 
evidence that the idiosyncratic volatility puzzle is a result of data snooping bias. 
Specifically, we find the puzzle exists only during 07/1963-12/1989 and is not 
robust either the period 07/1926-06/1963 or the period 01/1990-12/2014. In 
this regard, our paper adds to the growing strand of literature that attempts to 
explain the IV puzzle in a limited sample. Third, we explore an alternative 
proxy for idiosyncratic volatility. We use the standard deviation of residuals 
from Fama-French five-factor model to measure idiosyncratic volatility. As is 
well-known, a five-factor model that adds profitability and investment factors to 
the three-factor model of Fama and French [28] performs better in the interpre-
tation of anomalies [29]. This consideration doesn’t alter our results to a certain 
degree. Fourth, although the causes of the IV puzzle still remain controversial, 
our results shed some light on the issue by supporting the role of short-time re-
turn reversals in explaining the puzzle. 

The remainder of the paper is organized as follows. Section 2 describes the 
data and the measure of realized idiosyncratic volatility. Section 3 empirically 
analyzes the performance of IV puzzle in different sample periods. Section 4 
shows how does the infrequent trading and short-term return reversals play a 
role in explaining the puzzle. Section 5 concludes the paper. 

2. Data and Sample Construction  
2.1. Data Sources and Sample 

Our data include daily and monthly returns of NYSE, AMEX, and NASDAQ 
common stocks with share codes 10 or 11 from July 1926 to December 2014. We 
obtain daily and monthly returns, daily trading volume, and share code data 
from the CRSP and the book value of individual companies from Compustat. 
We follow the procedure adjusting for delisting firms used by Shumway [30] in 
daily and monthly returns. We use the one-month Treasury bill rate as the 
risk-free rate. Moreover, we take into account the Size, B/M, OP, AGR, and Zero 
Volume in the explaining of the IV puzzle. Size is the natural logarithm of mar-
ket capitalization and B/M is the natural logarithm of book-to-market in month 
t. OP is the book-equity-deflated operating profitability and AGR is the total as-
set growth rate. To consider the impact of infrequent trading, we also define Ze-
ro_Volume as the stocks with zero trading volume. 

2.2. Measure of Realized Idiosyncratic Volatility  

We measure realized idiosyncratic volatility following the approach in Ang et al. 
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[6] [7] and Bali and Cakici [12]. Specifically, for one month, we perform the fol-
lowing Fama and French [28] three-factor regression for firms that have more 
than 15 daily return observations in that month: 

( ), , ,
, MKT , SMB , HML , ,MKT SMB HMLi i i m i m i m i

d m f m d m f d m d m d mr r rα β β β ε− = + − + + +   (1) 

( ),IV _FF3FM Vari i
m d mε=                       (2) 

where, for day d in month m, ,
i

d mr  is stock i’s market return, ,MKTd m fr−  is 
the market excess return, ,SMBd m  and ,HMLd m  are the returns on portfolios 
formed to capture size and book-to-market effects, respectively3. Specifically, 

,SMBd m  is the return on a diversified portfolio of small stocks minus the return 
on a diversified portfolio of big stocks, ,HMLd m  is the difference between the 
returns on diversified portfolios of high and low stocks. ,

i
d mε  denotes the re-

sulting residual. We use the standard deviation of daily residuals in month m to 
measure the individual stock’s idiosyncratic volatility IV _FF3FMi

m  for this 
month. 

A five-factor model that adds profitability (RMW) and investment (CMA) 
factors performs better than the three-factor model [29] [31]. Therefore, we also 
consider a idiosyncratic volatility proxy based on the residuals of following Fama 
and French [31] five-factor model: 

( ), , ,
, MKT , SMB , HML ,

, ,
RMW , CMA , ,

MKT SMB HML

RMW CMA

i i i m i m i m
d m f m d m f d m d m

i m i m i
d m d m d m

r r rα β β β

β β ε

− = + − + +

+ + +
    (3) 

( ),IV _FF5FM Vari i
m d mε=                      (4) 

where ,RMWd m  is the difference between the returns on diversified portfolios 
of stocks with robust and weak profitability, and ,CMAd m  is the difference be-
tween the returns on diversified portfolios of stocks of low (conservative) and 
high (aggressive) investment firms. IV _FF5FMi

m  isthe individual stock’s idio-
syncratic volatility for m month derived from the Equation (4). 

2.3. Summary Statistics 

To see whether the IV anomaly exists only for a specific period of time. In other 
words, whether the IV puzzle can be explained by data snooping bias. We divide 
the whole sample period (07/1926-12/2014) into two subsample periods 
(07/1926-06/1963 and 07/1963-12/2014). Table 1 presents the descriptive statis-
tics and Spearman rank correlation for the main variables involved in this paper. 
Panel A reports the number and the proportion of Zero_Volumestocks during 
07/1926-12/2014, 07/1926-06/1963 and 07/1963-12/2014. We notice that the 
number of Zero_Volume stocks is 17359 and account for 71.99% of the total 
common stocks. In the whole sample (07/1926-12/2014) and two subsamples 
(07/1926-06/1963 and 07/1963-12/2014), the proportion of Zero_Volume stocks 
is 12.95%, 25.77% and 11.07%, respectively. This implies that the number of  

 

 

3We sincerely thank Kenneth French for making the data available on his website. 

https://doi.org/10.4236/jmf.2021.112017


X. D. Zhang et al. 
 

 

DOI: 10.4236/jmf.2021.112017 298 Journal of Mathematical Finance 
 

Table 1. Descriptive statistics for basic data. 

Panel A: The statistics for the proportion of zero daily volumes 

Periods R_original R_rearrange Zero_Volume Proportion   

07/1926-12/2014 70,614,037 61,470,621 9,143,416 12.95%   

07/1926-06/1963 9,027,597 6,701,477 2,326,120 25.77%   

07/1963-12/2014 61,586,440 54,769,144 6,817,296 11.07%   

Number of stocks 24,114 24,103 17,359 71.99%   

Panel B: The descriptive statistics of main variables during 07/1926-12/2014 

Variables N Mean Std. Min Max  

IV_FF3FM 3,305,450 0.0272 0.0085 0.0104 0.0625  

IV_FF3FM_Infre 2,777,844 0.0282 0.0092 0.0106 0.0839  

Size 2,254,957 4.7406 2.1995 −4.5504 13.4553  

B/M 2,254,957 0.9808 4.1963 0.0000 3040.55  

OP 2,254,957 14.7785 2334.16 −194,133.33 942,375.00  

AGR 2,254,957 19.2963 767.7825 −98.0832 789,850.00  

Panel C: The correlation of main variables during 07/1926-12/2014 

Variables IV_FF3FM IV_FF3FM_Infre Size B/M OP AGR 

IV_FF3FM 1.0000 0.9897 −0.4348 0.1317 −0.0675 0.0136 

IV_FF3FM_Infre 0.9897 1.0000 −0.5788 0.1337 −0.0751 0.0199 

Size −0.4348 −0.5788 1.0000 −0.2919 0.0758 0.0462 

B/M 0.1317 0.1337 −0.2919 1.0000 −0.0781 −0.0899 

OP −0.0675 −0.0751 0.0758 −0.0781 1.0000 0.0412 

AGR 0.0136 0.0199 0.0462 −0.0899 0.0412 1.0000 

 
stocks with zero trading volume is quite substantial and Zero_Volume stocks 
shouldn’t be ignored for the research on empirical asset pricing especially ano-
malies in stock market, which is in accordance with the argument of Liu [22] 
that understanding the role of stocks with zero daily trading volumes is an im-
portant key to explain anomalies.  

Panel B and C report the number, means, standard deviations, minimum and 
maximum, and pairwise correlations for main variables during 07/1926-12/2014, 
respectively. IV_FF3FM is the idiosyncratic volatility defined as the standard 
deviation of residuals from the regression of daily return with respect to local Fa-
ma-French three-factor model in the previous month. The daily return for 
IV_FF3FM is based on CRSP original daily return, while is rearranged CRSP daily 
return after considering the influence of infrequent trading for IV_FF3FM_Infre. 
Size is the natural logarithm of market capitalization. B/M is the natural loga-
rithm of book-to-market in month t. OP is the book-equity-deflated operating 
profitability and AGR is the total asset growth rate. We see that the value of 
IV_FF3FM_Infre is higher than IV_FF3FM in termsof mean, standard devia-
tions, minimum and maximum. As expected, the IV_FF3FM has a downward 
bias compared with new idiosyncratic volatility measure considering the influ-
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ence of infrequent trading, which provides strong evidence that the calibration 
for the daily return of Zero_Volume stocks is feasible. Panel C shows that 
IV_FF3FM_Infre is highly correlated with IV_FF3FM and the coefficient of as-
sociation is 0.9897, which indicates that IV_FF3FM_Infre could be a reasonable 
proxy for idiosyncratic risk. Moreover, the correlation between IV_FF3FM and 
Size means small firms have high idiosyncratic volatility. The IV_FF3FM is also 
negatively correlated with OP, indicating that firms with low profitability have 
higher volatility. All the representation of Spearman rank correlation of 
IV_FF3FM is tenable for the IV_FF3FM_Infre. 

3. A Reexamination of the Idiosyncratic Volatility Puzzle 

In this section, we empirically test whether the IV puzzle is robust for different 
sample periods. In doing so, we first examine the existence of IV puzzle during 
two subsamples (07/1926-06/1963 and 07/1963-12/2014) employing three-factor 
model. Further, we conduct the same process during 07/1963-12/1989 and 
01/1990-12/2014. We reexamine afterwards the IV puzzle with five-factor model.  

3.1. Compared Performance for Different Sample Periods 

We duplicate the research method of Ang et al. [6] [7] and examine the IV puz-
zle during 07/1926-06/1963 and 07/1963-12/2014. In this process, idiosyncratic 
volatility is measured by IV_FF3FM, which is the standard deviation of residuals 
from Fama-French three-factor model. At the end of each month, stocks are al-
located to ten groups (Low to High) according to IV_FF3FM and using CRSP 
breakpoints. We compute the average returns and intercepts from the Fa-
ma-French three factor regressions for decile portfolios in Table 2. Panel A of 
Table 2 shows that the difference of return (−0.28) between the highest decile IV 
portfolio and the lowest decile IV portfolio is inapparent for portfolios formed 
by value-weight during 07/1926-06/1963. Interestingly, the difference of return 
(0.18) between highest and lowest portfolio presents a positive trend when 
equal-weighted portfolios are formed, although it is significant at close to the 
10% level. In stark contrast to Panel A, the H-L returns are −1.12 (t = −3.20) and 
−0.03 (t = −0.07) for value-weighted and equal-weighted decile portfolios during 
07/1963-12/2014 in Panel B, implying that portfolios with high idiosyncratic vo-
latility have lower return than portfolios with low idiosyncratic volatility. The 
Alpha has similar performance for the two samples. The results show that the 
idiosyncratic volatility puzzle is not robust during 07/1926-06/1963 and only ex-
ists during 07/1963-12/2014. Therefore, we infer that the idiosyncratic volatility 
puzzle is a result of data snooping bias. 

To further examine the time-specific performance of the IV puzzle, we divide 
07/1963-12/2014 into two subsamples in average, the first subsample period is 
07/1963-12/1989 and the second subsample period is 01/1990-12/2014. Table 3 
presents that the average returns and intercepts from the Fama-French three  
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Table 2. Average return and Alpha of portfolios sorted by IV_FF3FMand based on CRSP breakpoints during 07/1926-06/1963 
and 07/1963-12/2014. This table reports the average returns and Alpha of ten portfolios sorted by idiosyncratic volatility relative to 
the Fama and French [28] model. Portfolios formed every month are based on idiosyncratic volatility computed using CRSP orig-
inal daily return over the previous month. Portfolio Low (High) is the portfolio of stocks with the lowest (highest) idiosyncratic 
volatilities. Returns are measured in monthly percentages. We consider the average monthly return of value-weighted and 
equal-weighted portfolios, where the weights are based upon market capitalization at the end of month. Panel A reports the results 
of decile portfolios using CRSP breakpoints during July 1926 to June 1963. Panel B reports the results of decile portfolios using 
CRSP breakpoints during July 1963 to December 2014. Alpha is the intercept of the Fama-French three-factor model. The row of 
H-L refers to the difference between highest and lowest idiosyncratic volatility portfolio. The Newey and West [32] t-statistics are 
reported in parentheses. *, **, *** denote statistical significance at the 10%, 5% and 1% levels, respectively. 

 Value-weight Equal-weight 

 Return Alpha (t-value) Return Alpha (t-value) 

Panel A Portfolio return and Alpha of three-factor model during 07/1926-06/1963 

Low IV_FF3FM 0.99 0.18*** (4.04) 1.00 0.22*** (3.89) 

2 1.07 0.10* (1.85) 1.19 0.23*** (4.53) 

3 1.04 −0.06 (−0.77) 1.26 0.14*** (2.03) 

4 1.04 −0.13* (−1.75) 1.32 0.11* (1.74) 

5 1.08 −0.19** (−2.22) 1.43 0.12 (1.52) 

6 1.02 −0.30*** (−2.90) 1.37 0.00 (0.00) 

7 1.10 −0.22** (−2.12) 1.43 0.01 (0.16) 

8 0.86 −0.52*** (−3.94) 1.48 −0.12 (−1.18) 

9 0.85 −0.50*** (−3.19) 1.44 −0.20* (−1.83) 

High IV_FF3FM 0.71 −0.63* (−1.95) 1.81 0.08 (0.34) 

H-L −0.28 −0.81***  0.81 −0.14  

(t-value) (−0.63) (−2.45)  (1.36) (−0.53)  

Panel B Portfolio return and Alpha of three-factor model during 07/1963-12/2014 

Low IV_FF3FM 0.92 0.10* (1.73) 1.10 0.16*** (2.72) 

2 0.95 0.05 (1.01) 1.21 0.14*** (2.82) 

3 0.97 0.00 (0.07) 1.32 0.19*** (3.76) 

4 1.01 −0.00 (−0.04) 1.38 0.20*** (3.98) 

5 1.04 −0.00 (−0.03) 1.39 0.19*** (3.51) 

6 1.10 0.02 (0.26) 1.36 0.12* (1.92) 

7 0.85 −0.29 (−0.78) 1.32 0.03 (0.43) 

8 0.64 −0.59*** (−4.77) 1.19 −0.12 (−1.09) 

9 0.27 −1.03*** (−6.05) 1.07 −0.30* (−1.96) 

High IV_FF3FM −0.20 −1.50*** (−7.33) 1.07 −0.33 (−1.40) 

H-L −1.12*** −1.60***  −0.03 −0.49**  

(t-value) (−3.20) (−6.97)  (−0.07) (−1.99)  

 
factor regressions for decile portfolios sorted by idiosyncratic volatility during 
07/1963-12/1989 and 01/1990-12/2014. We see that H-L value-weighted portfo-
lio return is significantly negative (−1.26) during 07/1963-12/1989, however, is 
indistinctive (−0.97) during 01/1990-12/2014. When the portfolios are formed  
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Table 3. Average return and Alpha of portfolios sorted by IV_FF3FM and based on CRSP breakpoints during 07/1963-12/1989 
and 01/1990-12/2014. This table reports the average returns and Alpha of ten portfolios sorted by idiosyncratic volatility relative 
to the Fama and French [28] model. Portfolios formed every month are based on idiosyncratic volatility computed using CRSP 
original daily return over the previous month. Portfolio Low (High) is the portfolio of stocks with the lowest (highest) idiosyn-
cratic volatilities. Returns are measured in monthly percentages. We consider the average monthly return of value-weighted and 
equal-weighted portfolios, where the weights are based upon market capitalization at the end of month. Panel A reports the results 
of decile portfolios using CRSP breakpoints during July 1963 to December 1989. Panel B reports the results of decile portfolios 
using CRSP breakpoints during January 1990 to December 2014. Alpha is the intercept of the Fama-French three-factor model. 
The row of H-L refers to the difference between highest and lowest idiosyncratic volatility portfolio. The Newey and West [32] 
t-statistics are reported in parentheses. *, **, *** denote statistical significance at the 10%, 5% and 1% levels, respectively. 

 
Value-weight Equal-weight 

Return Alpha (t-value) Return Alpha (t-value) 

Panel A Portfolio return and Alpha of three-factor model during 07/1963-12/1989 

Low IV_FF3FM 0.89 0.01 (0.07) 1.06 0.02 (0.28) 

2 0.92 −0.00 (−0.07) 1.23 0.11* (1.93) 

3 1.05 0.08 (1.53) 1.41 0.23*** (4.43) 

4 1.14 0.16*** (2.68) 1.51 0.28*** (5.46) 

5 1.13 0.06 (0.82) 1.50 0.23*** (4.51) 

6 1.16 0.05 (0.59) 1.47 0.13** (2.19) 

7 0.99 −0.24*** (−2.43) 1.37 −0.05 (−0.63) 

8 0.76 −0.51*** (−4.60) 1.29 −0.18* (−1.82) 

9 0.26 −1.14*** (−8.64) 1.01 −0.60*** (−4.63) 

High IV_FF3FM −0.37 −1.87*** (−10.54) 0.87 −0.95*** (−4.51) 

H-L −1.26*** −1.88***  −0.28 −0.97***  

(t-value) (−3.28) (−8.75)  (−0.71) (−4.34)  

Panel B Portfolio return and Alpha of three-factor model during 01/1990-12/2014 

Low IV_FF3FM 0.98 0.22*** (2.91) 1.15 0.35*** (4.59) 

2 1.01 0.12* (1.71) 1.20 0.24*** (3.27) 

3 0.92 −0.05 (−0.62) 1.26 0.22*** (2.86) 

4 0.89 −0.16 (−1.51) 1.27 0.16** (2.34) 

5 0.97 −0.11 (−0.94) 1.30 0.19** (2.08) 

6 1.07 −0.07 (−0.50) 1.27 0.11 (0.99) 

7 0.73 −0.48*** (−2.74) 1.28 0.08 (0.57) 

8 0.55 −0.79*** (−3.75) 1.11 −0.11 (−0.59) 

9 0.31 −1.10*** (−1.06) 1.15 −0.11 (−0.39) 

High IV_FF3FM 0.01 −1.34*** (−3.75) 1.38 0.13 (0.30) 

H-L −0.97 −1.56***  0.23 −0.22  

(t-value) (−1.62) (−3.97)  (0.40) (−0.51)  

 
by equal-weight, the difference of return between highest and lowest idiosyn-
cratic volatility portfolio is negative (−0.28) for the first subsample but is positive 
(0.23) for the second subsample, although neither is significant. Similarity, the 
H-L Alpha is significant negative (−1.88 and −0.97) for value-weighted and 
equal-weighted portfolio during 07/1963-12/1989. The result suggests that the 
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idiosyncratic volatility puzzle only exists in the period of July 1963 to December 
1989. That is to say, even for the second subsample, the negative relation be-
tween idiosyncratic volatility and expected returns is not robust, we can draw the 
conclusion that the anomaly really is a time-specific phenomenon. 

In addition, to form decile portfolios with a relatively more balanced average 
market share, we also use the NYSE breakpoints which start with Fama and 
French [33]4 to examine the idiosyncratic volatility puzzle. Table 4 reports the 
average return and Alpha of portfolios sorted by IV_FF3FM and based on NYSE 
breakpoints during 07/1963-12/1989 and 01/1990-12/2014. For value-weighted 
portfolios, the H-L return is −0.56% (t = −1.63) during 07/1963-12/1989 and is 
−0.54% (t = −1.09) during 01/1990-12/2014. For equal-weighted portfolios, the 
H-L return is −0.08% (t = −0.25) and 0.14% (t = 0.18), respectively. In total, for 
NYSE breakpoints, there is no negative and significant relation between idio-
syncratic volatility and expected returns. However, in the first subsample period 
(07/1963-12/1989), the t-statistics is very close to the 10% significant level, so we 
still believe that the idiosyncratic volatility puzzle is significant during this pe-
riod. 

3.2. Alternative Test for the Idiosyncratic Volatility Puzzle 

A five-factor model that adds profitability and investment factors to the 
three-factor model of Fama and French [28] largely absorbs the patterns in av-
erage returns [31] [34]. Especially in the anomalies of dissecting, the five-factor 
model shrinks the troublesome intercepts of the three-factor model [29]. There-
fore, we will try again to examine the idiosyncratic volatility puzzle based on the 
five-factor model in this section. Different from the above measure of idiosyn-
cratic volatility, we will use IV_FF5FM which is the standard deviation of resi-
duals from Fama-French five-factor model to measure idiosyncratic volatility. 
To be more practical, we apply the NYSE breakpoints to allocate stocks. Table 
5 reports the average return and Alpha of portfolios sorted by IV_FF5FM and 
based on NYSE breakpoints during 07/1963-12/1989 and 01/1990-12/2014. 
The difference of return between highest and lowest idiosyncratic volatility 
portfolio is significantly negative (−0.58, t = −1.76) during 07/1963-12/1989 for 
value-weighted portfolio, however, is inapparent (−0.47, t = −0.97) during 
01/1990-12/2014. Similarity, the H-L Alpha is also significantly negative (−0.92, t = 
−6.43) during 07/1963-12/1989, however, is not significant (−0.20, t = −0.84) 
during 01/1990-12/2014. The results show that the well-known idiosyncratic vo-
latility puzzle (i.e., a negative relation between the monthly realized idiosyncratic 
volatility in the previous month and the value-weighted portfolio return in the 
subsequent month) exists during 07/1963-12/1989. The results of equal-weighted 
portfolio are also support our conjecture that the idiosyncratic volatility puzzle is 
a time-specific anomaly.  

 

 

4All NYSE, AMEX, and NASDAQ stocks are allocated to the 10 size portfolios using the NYSE 
breakpoints in their article. 
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Table 4. Average return and Alpha of portfolios sorted by IV_FF3FM and based on NYSE breakpoints during 07/1963-12/1989 
and 01/1990-12/2014. This table reports the average returns and Alpha of ten portfolios sorted by idiosyncratic volatility relative to 
the Fama and French [28] model. Portfolios formed every month are based on idiosyncratic volatility computed using CRSP orig-
inal daily return over the previous month. Portfolio Low (High) is the portfolio of stocks with the lowest (highest) idiosyncratic 
volatilities. Returns are measured in monthly percentages. We consider the average monthly return of value-weighted and 
equal-weighted portfolios, where the weights are based upon market capitalization at the end of month. Panel A reports the results 
of decile portfolios using NYSE breakpoints during July 1963 to December 1989. Panel B reports the results of decile portfolios 
using NYSE breakpoints during January 1990 to December 2014. Alpha is the intercept of the Fama-French three-factor model. 
The row of H-L refers to the difference between highest and lowest idiosyncratic volatility portfolio. The Newey and West [32] 
t-statistics are reported in parentheses. *, **, *** denote statistical significance at the 10%, 5% and 1% levels, respectively. 

 
Value-weight Equal-weight 

Return Alpha (t-value) Return Alpha (t-value) 

Panel A Portfolio return and Alpha of three-factor model during 07/1963-12/1989 

Low IV_FF3FM 0.86 −0.02 (−0.31) 1.02 −0.02 (−0.34) 

2 1.01 0.12** (2.09) 1.25 0.14** (2.25) 

3 1.05 0.11* (1.75) 1.41 0.26*** (4.22) 

4 1.13 0.18*** (2.95) 1.43 0.24*** (4.28) 

5 1.09 0.08 (1.27) 1.49 0.27*** (4.78) 

6 1.25 0.20*** (2.62) 1.56 0.31*** (5.88) 

7 1.18 0.09 (1.11) 1.50 0.20*** (3.74) 

8 1.14 −0.02 (−0.25) 1.51 0.12** (1.97) 

9 0.99 −0.28*** (−2.85) 1.38 −0.06 (−0.76) 

High IV_FF3FM 0.30 −1.09*** (−9.40) 0.94 −0.70*** (−4.76) 

H-L −0.56 −1.07***  −0.08 −0.68***  

(t-value) (−1.63) (−7.15)  (−0.25) (−4.03)  

Panel B Portfolio return and Alpha of three-factor model during 01/1990-12/2014 

Low IV_FF3FM 0.99 0.24** (2.40) 1.11 0.37*** (4.55) 

2 1.07 0.26*** (3.19) 1.12 0.23*** (3.02) 

3 1.05 0.24** (2.40) 1.22 0.28*** (3.65) 

4 0.95 −0.00 (−0.01) 1.23 0.21*** (2.73) 

5 0.95 −0.05 (−0.46) 1.24 0.20** (2.40) 

6 0.79 −0.27** (−2.54) 1.21 0.13* (1.69) 

7 1.05 −0.01 (−0.09) 1.36 0.26*** (3.00) 

8 1.02 −0.08 (−0.59) 1.31 0.17 (1.62) 

9 1.12 −0.13 (−0.84) 1.36 0.15 (1.16) 

High IV_FF3FM 0.45 −0.91*** (−4.31) 1.25 −0.01 (−0.03) 

H-L −0.54 −1.15***  0.14 −0.38  

(t-value) (−1.09) (−4.23)  (0.28) (−1.34)  

 
In addition, compared with Table 4, the intercept term in Table 5 has a mas-

sive improvement. Specifically, five of the ten value-weighted portfolios are sig-
nificant (0.24, 0.26, 0.24, −0.27, −0.91) during 01/1990-12/2014 in Table 4, 
however, all are not significant in Table 5. The Alpha of highest value-weighted 
portfolio is −1.09 (t = −9.40) during 07/1963-12/1989 in Table 4, however,  
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Table 5. Average return and Alpha of portfolios sorted by IV_FF5FM and based on NYSE breakpoints during 07/1963-12/1989 
and 01/1990-12/2014. This table reports the average returns and Alpha of ten portfolios sorted by idiosyncratic volatility relative to 
the Fama and French [31] model. Portfolios formed every month are based on idiosyncratic volatility computed using CRSP orig-
inal daily return over the previous month. Portfolio Low (High) is the portfolio of stocks with the lowest (highest) idiosyncratic 
volatilities. Returns are measured in monthly percentages. We consider the average monthly return of value-weighted and 
equal-weighted portfolios, where the weights are based upon market capitalization at the end of month. Panel A reports the results 
of decile portfolios using NYSE breakpoints during July 1963 to December 1989. Panel B reports the results of decile portfolios 
using NYSE breakpoints during January 1990 to December 2014. Alpha is the intercept of the Fama-French five-factor model. The 
row of H-L refers to the difference between highest and lowest idiosyncratic volatility portfolio. The Newey and West [32] 
t-statistics are reported in parentheses. *, **, *** denote statistical significance at the 10%, 5% and 1% levels, respectively. 

 
Value-weight Equal-weight 

Return Alpha (t-value) Return Alpha (t-value) 

Panel A Portfolio return and Alpha of five-factor model during 07/1963-12/1989 

Low IV_FF3FM 0.87 −0.05 (−0.78) 1.02 −0.07 (−0.84) 

2 0.99 0.06 (0.92) 1.24 0.10 (1.43) 

3 1.07 0.14** (2.27) 1.38 0.24*** (3.86) 

4 1.11 0.16** (2.46) 1.47 0.25*** (4.31) 

5 1.16 0.15** (2.10) 
1.49 
0.4 

0.27*** (4.68) 

6 1.15 0.14* (1.81) 1.52 0.28*** (5.42) 

7 1.23 0.19** (2.33) 1.51 0.24*** (4.43) 

8 1.12 0.03 (0.31) 1.46 0.16** (2.57) 

9 1.07 −0.08 (−0.80) 1.41 0.09 (1.17) 

High IV_FF3FM 0.29 −0.97*** (−8.82) 0.95 −0.49*** (−3.35) 

H-L −0.58* −0.92***  −0.07 −0.42**  

(t-value) (−1.76) (−6.43)  (−0.20) (−2.51)  

Panel B Portfolio return and Alpha of five-factor model during 01/1990-12/2014 

Low IV_FF3FM 0.96 −0.01 (−0.13) 1.10 0.21*** (2.59) 

2 0.96 −0.03 (−0.34) 1.12 0.05 (0.69) 

3 1.13 0.11 (1.26) 1.22 0.09 (1.36) 

4 0.92 −0.17* (−1.85) 1.19 0.02 (0.23) 

5 0.96 −0.14 (−1.26) 1.27 0.09 (1.23) 

6 0.83 −0.21* (−1.82) 1.22 0.07 (1.01) 

7 1.07 0.02 (0.12) 1.33 0.21** (2.48) 

8 1.00 −0.01 (−0.11) 1.33 0.22** (2.07) 

9 1.13 0.17 (1.13) 1.34 0.35*** (2.73) 

High IV_FF3FM 0.49 −0.21 (−1.15) 1.26 0.61** (2.32) 

H-L −0.47 −0.20  0.16 0.40  

(t-value) (−0.97) (−0.84)  (0.32) (1.53)  

 
shrinks to −0.97 (t = −8.82) in Table 5. A similar pattern holds when portfolios 
are formed by equal-weight. All of these imply that the five-factor model has a 
good power in explaining anomalies. Therefore, we will emphatically focus on 
the five-factor model in the remainder. 
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4. Who Can Explain the Idiosyncratic Volatility Puzzle? 
4.1. The Role of Infrequent Trading in Explaining IV Puzzle 

In calculating a daily return, we need the closing price for previous day and cur-
rent day. However, the information of closing prices can be missing due to no 
trading. In view of this case, CRSP generally uses the average of bid and ask 
prices to calculate the daily return. For zero trading volume stocks with high ex-
pected returns, if we use the daily returns of CRSP to estimate idiosyncratic vo-
latility, the series of daily returns will tend to be smooth and the measure of 
idiosyncratic volatility will have a lower estimation which has been confirmed 
in the Section 2.3. Ultimately, it will have a real impact on the relationship 
between idiosyncratic volatility and returns. Therefore, we will try to use the 
rearranged CRSP daily return after considering the influence of infrequent 
trading and a five-factor model to estimate the idiosyncratic volatility (Here, we 
call it as IV_FF5FM_Infre) and test the idiosyncratic volatility puzzle during 
07/1963-12/1989 again. Table 6 reports the average return and Alpha of portfo-
lios sorted by IV_FF5FM_Infre during 07/1963-12/1989. Whether using CRSP 
breakpoints or NYSE breakpoints, the return of H-L portfolio is significantly 
negative (−1.25, −0.58) for value-weight portfolios. Similarly, the difference of 
intercept between the highest and lowest portfolio is also significantly negative 
(−1.67, −0.92). The result suggests that the negative relationship between idio-
syncratic volatility and returns is not alleviated when infrequent trading is con-
sidered. 

4.2. The Role of Short-Time Return Reversals in Explaining IV  
Puzzle 

The omission of the previous month’s stock returns can lead to a negatively bi-
ased estimate of the relation [11]. As a consequence, we construct a model fol-
lowing the approach in Huang et al. [11], which is similar to Fama and Macbeth 
[35] and Fama and French [31], with the exceptions that we include realized 
idiosyncratic volatility and the prior month’s individual stock returns. We test 
whether the data mining issue of idiosyncratic volatility puzzle can be explained 
by short-term return reversals. We run the following cross-section regression: 

, 1 , 1 1 FF5FM 2 , 3 4

5 6 , 1

IV Size B M

OP AGR
i t f t i t

i t

R R Rα β β β β

β β ε
+ +

+

− = + + + +

+ + +
          (5) 

where , 1i tR +  is stock i’s return in month 1t + , and , 1f tR +  is the one-month 
Treasury bill rate in month 1t + . The first element is a constant in the 
right-hand side of equation. IVFF5FM is realized idiosyncratic volatility, given as 
the standard deviation of the residual from a five-factor model. We include other 
variables known to explain the cross-sectional variation in stock returns, such as 
the previous month’s return ,i tR , Size, B/M, OP and AGR. Size is the natural 
logarithm of market capitalization and B/M is the natural logarithm of 
book-to-market in month t. OP is the book-equity-deflated operating profitabil-
ity and AGR is the total asset growth rate. , 1i tε +  is the model residual.  
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Table 6. Average return and Alpha of portfolios sorted by IV_FF5FM_Infreduring 07/1963-12/1989. This table reports the average 
returns and Alpha of ten portfolios sorted by idiosyncratic volatility relative to the Fama and French [31] model. Portfolios 
formed every month are based on idiosyncratic volatility measured by IV_FF5FM_Infre. IV_FF5FM_Infre is rearranged CRSP 
daily return after considering the influence of infrequent trading and based on the five-factor model. Portfolio Low (High) is the 
portfolio of stocks with the lowest (highest) idiosyncratic volatilities. Returns are measured in monthly percentages. We consider 
the average monthly return of value-weighted and equal-weighted portfolios, where the weights are based upon market capitaliza-
tion at the end of month. Panel A reports the results of decile portfolios using CRSP breakpoints during July 1963 to December 
1989. Panel B reports the results of decile portfolios using NYSE breakpoints during July 1963 to December 1989. Alpha is the 
intercept of the Fama-French five-factor model. The row of H-L refers to the difference between highest and lowest idiosyncratic 
volatility portfolio. The Newey and West [32] t-statistics are reported in parentheses. *, **, *** denote statistical significance at the 
10%, 5% and 1% levels, respectively. 

 
Value-weight Equal-weight 

Return Alpha (t-value) Return Alpha (t-value) 

Panel A Portfolio return and Alpha of five-factor model during 07/1963-12/1989 (CRSP breakpoints) 

Low IV_FF3FM 0.88 −0.06 (−0.74) 1.13 0.03 (0.35) 

2 0.88 −0.06 (−0.99) 1.28 0.16** (2.39) 

3 1.07 0.15*** (2.68) 1.43 0.30*** (5.01) 

4 1.14 0.17*** (2.78) 1.54 0.34*** (6.23) 

5 1.12 0.12 (1.57) 
1.49 

0.41.54 
0.28*** (5.29) 

6 1.14 0.11 (1.22) 1.54 0.29*** (4.98) 

7 0.99 −0.12 (−1.20) 1.45 0.15** (2.00) 

8 0.90 −0.19 (−1.61) 1.28 −0.03 (−0.33) 

9 0.36 −0.84*** (−6.04) 1.02 −0.37*** (−2.87) 

High IV_FF3FM −0.37 −1.73*** (−9.73) 0.60 −0.83*** (−3.81) 

H-L −1.25*** −1.67***  −0.53 −0.86***  

(t-value) (−3.17) (−7.96)  (−1.26) (−3.55)  

Panel B Portfolio return and Alpha of five-factor model during 07/1963-12/1989(NYSE breakpoints) 

Low IV_FF3FM 0.87 −0.04 (−0.68) 1.11 0.00 (0.05) 

2 1.00 0.07 (1.12) 1.29 0.14** (2.13) 

3 1.07 0.13** (2.07) 1.45 0.31*** (5.02) 

4 1.10 0.17*** (2.63) 1.54 0.31*** (5.45) 

5 1.14 0.11 (1.56) 1.50 0.26*** (4.46) 

6 1.16 0.18** (2.25) 1.54 0.31*** (5.80) 

7 1.22 0.18** (2.15) 1.55 0.26*** (5.02) 

8 1.16 0.06 (0.62) 1.55 0.27*** (4.50) 

9 1.05 −0.09 (−0.92) 1.44 0.11 (1.56) 

High IV_FF3FM 0.29 −0.96*** (−8.55) 0.81 −0.57*** (−3.94) 

H-L −0.58* −0.92***  −0.30 −0.57***  

(t-value) (−1.74) (−6.29)  (−0.85) (−3.28)  

 
We conduct cross-sectional regressions with Equation (5) each month and 

then report the time-series averages of estimated coefficients in Panel A of Table 
7. To make a better comparison for different sample periods, we repeat the  
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Table 7. Relation between idiosyncratic risk and expected return: cross-section evidence. This table reports the average coeffi-
cients in the Fama and MacBethcross-sectional regressions. Panel A reports the results from Equation (5) and corresponds to all 
NYSE/AMEX/NASDAQ individual stocks over the period from 07/1963 to 12/1989. Panel B reports the results from Equation (5) 
during 01/1990-12/2014. However, we only consider IV_FF3FM, Size and B/M during 07/1926-06/1963 in Panel C. IVFF5FM is rea-
lized idiosyncratic volatility, given as the standard deviation of the residual from a five-factor model. IVFF3FM is realized idiosyn-
cratic volatility, given as the standard deviation of the residual from a three-factor model. ,i tR  is the individual stock return in 

month t. Size is the natural logarithm of market capitalization. B/M is the natural logarithm of book-to-market in month t. OP is 
the book-equity-deflated operating profitability. AGR is the total asset growth rate. The Newey and West [32] t-statistics are re-
ported in parentheses. *, **, *** denote statistical significance at the 10%, 5% and 1% levels, respectively. 

Panel A The outcome of cross-section regression during 07/1963-12/1989 

α IVFF5FM ,i tR  Size B/M OP AGR 

0.0151*** 

(5.34) 
−0.1729** 

(−2.29) 

     

     

0.0119*** 

(2.95) 

 −0.0576*** 

−10.10 

    

     

0.0140*** 
(4.83) 

−0.0940 
(−1.07) 

−0.0642*** 

(−10.86) 

    

    

0.0257*** 

(5.69) 
−0.2344*** 

(−4.22) 

 −0.0019*** 

(−3.38) 
0.0025** 

(2.53) 
0.0004** 

(2.27) 
−0.0001*** 

(−6.19) 
 

0.0220*** 

(4.83) 
−0.1212 
(−0.86) 

−0.0772*** 

(−11.99) 
−0.0014** 

(−2.45) 
0.0014 

(1.45) 
0.0004** 

(2.22) 
−0.0001*** 

(−6.92) 

Panel B The outcome of cross-section regression during 01/1990-12/2014 

α IVFF5FM ,i tR  Size B/M OP AGR 

0.0121*** 

(4.14) 
−0.0293 
(−0.52) 

     

     

0.0229*** 

(5.46) 
−0.0525 
(−0.92) 

 −0.0014*** 

(−3.24) 
0.0035** 

(2.88) 
0.0000 
(1.18) 

−0.0001*** 

(−8.47) 
 

Panel C The outcome of cross-section regression during 07/1926-06/1963 

α IVFF5FM ,i tR  Size B/M   

0.0122*** 
(3.28) 

−0.0279 
(−0.36) 

     

     

0.0297*** 

(5.03) 
−0.0504 
(−0.68) 

 −0.0042*** 

(−4.33) 
0.0019** 

(2.01) 

  

   

 
cross-sectional regression with Equation (5) in Panel B of Table 7 for the period 
01/1990-12/2014, which has been proved to be free of idiosyncratic volatility 
anomaly in Section 3, so we needn’t to worry about the effect of prior monthly 
returns. Moreover, we also use IV_FF3FM, Size and B/M as regressor during 
07/1926-06/1963 in Panel C. Consistent with the results of the foregoing portfo-
lio analysis, idiosyncratic volatility anomaly only exists in the period 
07/1963-12/1989. Specifically, the coefficient on idiosyncratic volatility is signif-
icant and negative at the 5% level (−0.1729, t = −2.29) when only IVFF5FM is in-
cluded in the model during 07/1963-12/1989. However, the coefficient on idio-
syncratic volatility is insignificant (−0.0293, −0.0279) during the period  
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Table 8. Average return and Alpha of portfolios sorted by IV_FF5FM and based on NYSE breakpoints during 07/1963-12/1989 
and 01/1990-12/2014. This table reports the average returns and Alpha of ten portfolios sorted by idiosyncratic volatility relative to 
the Fama and French [31] model. Portfolios formed every month are based on idiosyncratic volatility computed using CRSP orig-
inal daily return over the previous month. Portfolio Low (High) is the portfolio of stocks with the lowest (highest) idiosyncratic 
volatilities. Returns are measured in monthly percentages. We consider the average monthly return of value-weighted and 
equal-weighted portfolios, where the weights are based upon market capitalization at the end of month. Panel A reports the results 
of decile portfolios using NYSE breakpoints during July 1963 to December 1989. Panel B reports the results of decile portfolios 
using NYSE breakpoints during January 1990 to December 2014. Alpha is the intercept of the Fama-French five-factor model. The 
row of H-L refers to the difference between highest and lowest idiosyncratic volatility portfolio. The Newey and West [32] 
t-statistics are reported in parentheses. *, **, *** denote statistical significance at the 10%, 5% and 1% levels, respectively. 

 
Value-weight Equal-weight 

Return Alpha (t-value) Return Alpha (t-value) 

Panel A Portfolio return and Alpha of five-factor model during 07/1963-12/1989 (NYSE breakpoints) 

Low IV_FF3FM 0.87 −0.05 (−0.70) 1.27 0.14* (1.87) 

2 1.00 0.08 (1.21) 1.27 0.11* (1.75) 

3 1.00 0.04 (0.67) 1.33 0.16*** (2.62) 

4 1.12 0.20*** (3.16) 1.41 0.20*** (3.33) 

5 1.15 0.18** (2.45) 
1.41 

0.41.44 
0.19*** (3.38) 

6 1.13 0.09 (1.15) 1.44 0.20*** (3.66) 

7 1.15 0.15* (1.83) 1.41 0.15*** (2.82) 

8 1.07 −0.02 (−0.20) 1.38 0.09 (1.39) 

9 1.06 −0.01 (−0.09) 1.25 −0.09 (−1.09) 

High IV_FF3FM 0.59 −0.56*** (−4.88) 1.05 −0.36** (−2.45) 

H-L −0.28 −0.51***  −0.22 −0.50**  

(t-value) (−0.83) (−3.45)  (−0.61) (−3.10)  

Panel B Portfolio return and Alpha of five-factor model during 01/1990-12/2014(NYSE breakpoints) 

Low IV_FF3FM 0.91 0.02 (0.22) 1.14 0.25*** (2.93) 

2 1.00 −0.05 (−0.62) 1.15 0.07 (0.99) 

3 0.90 −0.12 (−1.46) 1.22 0.10 (1.53) 

4 1.03 −0.00 (−0.02) 1.21 0.06 (0.91) 

5 1.04 −0.10 (−0.95) 1.31 0.13* (1.82) 

6 0.92 −0.10 (−0.93) 1.25 0.10 (1.33) 

7 1.11 0.15 (1.32) 1.32 0.23*** (2.69) 

8 0.88 −0.06 (−0.51) 1.28 0.21* (2.11) 

9 0.98 0.10 (0.68) 1.31 0.35** (2.56) 

High IV_FF3FM 0.70 −0.12 (−0.65) 1.24 0.56** (2.12) 

H-L −0.21 −0.14  0.10 0.31  

(t-value) (−0.47) (−0.60)  (0.20) (1.17)  

 
01/1990-12/2014 and 07/1926-06/1963. This again supports our conjecture that 
the idiosyncratic volatility puzzle is a result of data snooping bias. The third row 
in Panel A of Table 7 indicates that the coefficient on idiosyncratic volatility is 
not significant (−0.0940, t = −1.07) once we control for return reversals. We also 
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control for several explanatory variables that might be related to past returns or 
idiosyncratic volatility in our cross-sectional regression, such as Size, B/M, OP 
and AGR. Interestingly, the coefficient on idiosyncratic volatility is still signifi-
cant negative (−0.2344, t = −4.22) when ignore the prior monthly returns. The 
coefficient becomes insignificant (−0.1212, t = −0.86) once we include stock re-
turns in the previous month. The result confirms the critical role of short-term 
return reversals in explaining idiosyncratic volatility puzzle. 

To mitigate the effect of short-term return reversals, we leave a one-month 
gap between the portfolio formation date and holding period. Then we form ten 
value-weighted and equal-weighted portfolios every month by sorting all stocks 
with IV_FF5FM, which is a proxy for idiosyncratic risk given as the standard 
deviation of the residual from a five-factor model. Table 8 reports the average 
return and Alpha of portfolios sorted by IV_FF5FM and based on NYSE break-
points during 07/1963-12/1989 and 01/1990-12/2014. We find that idiosyncrati-
crisk is no longer negatively related to expected returns (i.e. the idiosyncratic 
volatility anomaly disappears) when the short-term return reversals are consi-
dered during 07/1963-12/1989 in Panel A. Specifically, the H-L portfolio return 
is negative but insignificant (−0.28, t = −0.83) for value-weighted portfolios. The 
same is true for equal-weighted portfolios (−0.22, t = −0.61). Although the dif-
ference of Alpha between the highest and lowest portfolio is still significantly 
negative (−0.51, t = −3.45), the significance compared with Table 5 (−0.92, t = 
−6.43) is greatly diminished. As previously found, the negative correlation be-
tween idiosyncratic volatility and expected stock returns is not significant during 
01/1990-12/2014 in Panel B. All the results suggest that the idiosyncratic volatil-
ity puzzle is driven by the force of short-term return reversals and is a data 
snooping bias. 

5. Conclusion 

In this paper, we use data with a broader time horizon to examine some 
possible explanations for the idiosyncratic volatility puzzle. Our results show 
that the well-known idiosyncratic volatility puzzle is driven by data snooping 
bias. Specifically, we find that the puzzle is significant only for the period 
07/1963-12/1989 and is not true for any other period. Different sorting break-
points and measure of idiosyncratic volatility do not still change our results. 
Motived by the standpoint in Liu [22] and Huang et al. [11], we attempt to solve 
the time-specific anomaly from the perspective of infrequent trading and 
short-term return reversals. We conclude that idiosyncratic volatility is no long-
er negatively related to subsequent stock returns (i.e. the idiosyncratic volatility 
anomaly disappears) when the short-term return reversals are considered during 
the prominent puzzle period 07/1963-12/1989. As a byproduct, we find that a 
five-factor model proposed by Fama and French [31] indeed performs better in 
the interpretation of anomalies. This is reflected in the result that the intercept 
term in Table 5 has a massive improvement compared with Table 4. Overall, the 
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data snooping bias is an important feature to consider in empirical research and 
our study provides direct evidence that the relation between IV and expected 
stock returns is not in contradiction to theory. 
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