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Background

• Idiosyncratic volatility (IV) plays central role in financial markets:
• High IV means high risk for investors unable to fully diversify it.
• IV affects asset prices – theoretically (Merton 1987) and empirically (Ang
et al. 2006, Stambaugh et al. 2015, Beilo et al. 2017).

• An extensive literature tries to understand the determinants of timeseries variation in average idiosyncratic risk.
• A particular focus is on understanding the high average IV in the
late 1990s and its increase from the 1960s to the early 2000s.
• Most prominently Campbell et al. (2001), henceforth CLMX:
• IV more than doubles for the average public U.S. firm from 1962 to
1997.

• The trend reverses by 2003 (Brandt et al. 2010), and extending to
2008, Bekaert et al. (2012) find no trend in IV.
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Background (cont.)
Since CLMX, much research attempts to explain the IV trend, without
much consensus. Prominent examples are:
• Increase in competition: Comin and Philippon (2005), Gaspar and Massa
(2006), Pontiff and Irvine (2009).
• R&D and Schumpeterian destruction: Chun et al. (2008), Comin and
Mulani (2009).
• Financial development: Brown and Kapadia (2007).
• Institutional ownership: Xu and Malkiel (2003), Bennett et al. (2003).
• Irrational exuberance: Brandt et al. (2010), partially associated with
retail investors.
• Young firms: Fink et al. (2010), Bekaert et al. (2012).
• Profitability (ROE): Wei and Zhang (2006).
• Macroeconomic factors: Bekaert et al. (2012).
+ We challenge the finding of CLMX, which as of today has the
status of a stylized fact.
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Major events in the CRSP database and their effects
Date

Event

Effects

Jul-1962
Dec-1972

AMEX added
NASDAQ added

Jul-1980

NASDAQ switch to inside quotation
Availability of trading
prices on NASDAQ National
Availability of trading
prices on NASDAQ
SmallCap
Tick size reduction on
AMEX
Quotes available for
NYSE on daily basis
Tick size reduction on
NYSE, NASDAQ and
AMEX (1/16$)
Completion of quote
decimalization

Increase in number of (riskier) firms,.
Huge increase in number of (riskier) firms. No trading
prices available. Recorded price are quote midpoints.
Bid-ask spread becomes more volatile, potential spillover
to volatility of quote midpoints.
Closing prices introduce bid-ask bounce to returns, thus
biases the sample variances up.

Nov-1982

Jun-1992

Sep-1992
Dec-1992
Jun-1997

Apr-2001

Closing prices introduce bid-ask bounce to returns, thus
biases the sample variances up.
Lower severity of microstructure effects in daily returns.
Possibility to use quote data, measure bid-ask spreads.
Lower severity of microstructure effects in daily returns.

The microstructure effects in daily returns become quantitatively negligible.
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Are these effects important?
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It is a capital mistake to theorize before you have all the evidence. It
biases the judgment.

Sherlock Holmes, in “A Study in Scarlet.”
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IV measurement: CLMX
Goal:
Decompose variance into market, industry, and firm-specific variance (IV).
Methodology:
• Starting point is the CAPM with industry and firm returns:
Rit = βim Rmt + ˜it ,

Rjit = βji Rit + η̃jit .

• Using the market-adjusted-return model of Campbell et al. (1997),
it = Rit − Rmt ,

ηjit = Rjit − Rit .

• CLMX approximate average IV and industry variance as
X
X
X
2
2
2
2
2
σt
=
wit σit
≈ σ˜2t , σηt
=
wit
wjit σηjit
≈ ση̃t
,
i

i

j∈i

with industry and firm weights wit and wjit , respectively.
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Replication of CLMX
Data:
• All common stocks listed on NYSE, AMEX, and NASDAQ (share codes 11
and 12) from CRSP spanning January 1962 to December 2016.
• CLMX spans the period from July 1962 to December 1997.
Observation:
We confirm CLMX and observe an
upward trend in the IV for 1962 to
1997 (Xu and Malkiel 2003, Comin
and Philippon 2005).
4
Consistent with Bekaert et al.
(2012), we find the opposite in the
post-CLMX sample.
4
These trends are robust to alternative IV measures, e.g., when using
Fama and French (1993).
4
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Some definitions first
Definition (Classification matrix)
Let F , S ∈ N, F ≥ S. For each s ∈ {1, . . . ,S}, let Ss denote a nonempty
set of elements f ∈ {1, . . . , F }, where each f belongs to exactly one Ss .
We call C = [csf ] ∈ {0,1}S×F such that csf = 1{f ∈Ss } a classification
matrix.
Definition (Refinement)
Let C0 ∈ RS0 ×F and C1 ∈ RS1 ×F be two classification matrices. We call
C1 the refinement of C0 , if there exists a classification matrix
C0,1 ∈ RS0 ×S1 such that C0 = C0,1 C1 .
Definition (Full classification)
We call a sequence of classification matrices Ct = {Cl,t }L+1
l=0 the local
>
classification of degree L at time t, if C0,t = 1Ft = CMt , CL+1,t = CFt
and Cl,t is a refinement of Cl+1,t for l = 0, . . . ,L. A sequence of local
classifications C = {Ct }t∈T is called full classification (over times T).
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Layer variances and weighting

2
• For each layer, we can define a variance measure σ̂l−1:l,T
(ψ,ν) that
F
F
depends on simple returns r ∈ R , v ∈ R++ lagged market capitalizations, and w ∈ (0,1]F the corresponding relative market weights.

Proposition
Let C = {Ct }t∈T be a full classification of degree L. With consistent
weighting, the layer l variance for period T = (T1 ,T2 ] satisfies

 >
2
> −1
σ̂l−1:l,T = tr WT1 Σ̂T WT1 Cl,T
(Cl,T1 WT1 Cl,T
) Cl,T1
1
1


>
>
−1
− Cl−1,T1 (Cl−1,T1 WT1 Cl−1,T1 ) Cl−1,T1 ,
P
where we use Σ̂T = t∈T rt rt> as an estimator for ΣT , the (conditional)
covariance matrix of period T excess returns.
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CLMX IV properties & drivers
Insight from Proposition:
2
• We can treat IV as a special case of relative variance σ̂l−1:l,T
.

Properties:
• Equals difference of weighted-average variances
2
σ̂l−1:l,T
=
| {z }

Relative variance
Ex.: IV

¯2
σ̂
l,T
|{z}

Average variance
Ex.: Firm

¯2
− σ̂
l−1,T .
| {z }
Average variance
Ex.: Industry

• Aggregates over layers
2
2
2
σ̂l−2:l−1,T
+ σ̂l−1:l,T
= σ̂l−2:l,T
.
| {z } | {z }
| {z }
One-layer
Ex.: ind.–mkt.

One-layer
Ex.: firm–ind.

Two-layer
Ex.: firm–mkt.

2
• Given our focus, we set L = 1 to obtain idiosyncratic variance σ̂1:2,T
(ψ,ν),
2
and industry layer variance σ̂0:1,T (ψ,ν).
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A simplified example
A stylized one-period market:
1. F firms distributed among S equally sized industries with F /S ∈ N
firms in each, such that C = IS ⊗ 1>
F /S .
2. WS governs the capital distribution between industries and WF /S
describes the firms’ weights within each industry. We assume that
each industry has an identical capital distribution.
3. Each industry has an identical correlation matrix.
Corollary
Under the above assumptions,
σ̂ 2
= tr (ΣS WS ) ×
| {z }
| L:L+1
{z }
IV

Avg. industry variance


1 − H̄
| {z }

Industry concentration effect

× (1 − ρ) ,
| {z }
Avg. correlation

with H̄ the weighted industry Herfindahl-Hirschman index.
+ How good is this approximation?
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A simplified example (cont.)
Comparison of original CMLX IV with approximation:
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Suspect #1: Market concentration
 2
P
P
P
Defining H = i wi2 , H̄ = s ws i∈Ss wwsi ,
with wi denoting capitalization-based weights of
firms and ws the weight of industry s:
1. Increase in value-weighted CLMX-IV
coincides with a period of decreasing
market and industry concentration.
2. The concentration stabilizes in the
post-CLMX period when the IV tends to
decline again.
3. A similar pattern emerges when we treat
the firms in the sample equally.
+ Change in market concentration is
insufficient to explain most of the observed
trend in the CLMX sample.
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Suspect #2: Average variances
A first look at average variances:
1. EW variance dominates the VW measure due to high variances of small
stocks.
2. Daily frequency indicates trend, less clear for monthly frequency.
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Suspect #2: Average variances (cont.)

Testing for trend in average variances:
Full
VW

NASDAQ
EW

VW

Low Price
EW

VW

EW

1.40
1.75∗∗

2.74
2.93∗∗

2.84∗
1.32∗

5.66∗
2.89∗∗

Panel A: 1962-1997
CLMX
RVm

1.85∗
1.65

3.59∗
3.21∗∗

Panel B: 1972-1997
CLMX
RVm

0.64
0.01

4.87
2.24∗∗

3.20∗
0.94

6.04∗
2.12∗∗

Vogelsang (1998) PS1 − t test for trend in average variance series (values ×1,000).

Where do these differences come from?
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Suspect #2: Average variances (cont.)
The potential culprit: Autocorrelation
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Suspect #2: Average variances (cont.)
+ Magnitude of autocorrelation seems at odd with standard finance theory! Microstructure effects at work?
• Negative autocorrelation at first lag seems consistent with bid-ask
bounce of Roll (1984) with true and observed prices:

s ∗ + c, prob = 0.5,
t
∗
st∗ = st−1
+ σt ,
st =
s ∗ − c, prob = 0.5.
t

• We also estimate the Roll’s model by means of Gibbs sampler, proposed
by Hasbrouck (2009), which ensures positive estimates of variance.
• While Roll’s model is useful in addressing the bid-ask bounce, there
are other microstructure and data-related issues:
1. Price discreteness may affect the variance estimates.
2. Both the volatilities and bid-ask spreads are time-varying.
3. Prices in the CRSP database can be recorded in two different ways: As
quote midpoint or as closing price. The quotes can further
correspond to closing quotes or to inside quotes, depending on the
exchange and time period under considerations.

20/34

Suspect #2: Average variances (cont.)
Accounting for microstructure effects:
• We assume that the efficient (log) bid b and ask a are symmetric
around the efficient log-price,
at∗ = st∗ + Ct ,

bt∗ = st∗ − Ct ,

and

A∗t
At =
dt ,
dt



Bt∗
Bt =
dt ,
dt


where dt is the effective tick size (e.g., USD 1/8).
• If available, we use quotes instead of the recorded price.
• If not (NYSE stocks before 1992), we use the closing price for estimation, and assume

A , prob = 0.5
t
St =
Bt , prob = 0.5.
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Suspect #2: Average variances (cont.)

• We complete the model as follows:
∗
log(St+1
+ Xt+1 ) = st∗ + σt+1 s,t+1 ,

log(σt+1 ) = log(σ̄) + ϕσ (log(σt ) − log(σ̄)) + γσ σ,t+1 ,
ct+1 = χt+1 + γc c,t+1 ,
χt+1 = χ̄ + ϕχ (χt − χ̄) + γχ χ,t+1 ,
iid

with ·,t ∼ N(0,1) and Xt denotes the dividend in current period.
• The structure of the spread is motivated by a typical spread evolution,
which is characterized by a slowly varying mean and a noise component.
• We estimate the states by means of particle filtering.
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Suspect #2: Average variances (cont.)
• For EW, all robust measures of average variance
lie below sample estimate.
• Largest difference occurs
1985-2000.
• Differences
disappear
with quote decimalization in 2001.
• Both estimates of the
Roll model stay close to
RV.
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Suspect #2: Average variances (cont.)
Bali and Cakici (2008) show that the CLMX trend concentrates among
low-price and NASDAQ stocks.
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Suspect #2: Average variances (cont.)
Testing again for trend in average variances:
Full
VW

NASDAQ
EW

VW

Low Price

EW

VW

EW

1.40
1.75∗∗
1.53∗∗
1.24∗
1.46∗

2.74
2.93∗∗
2.73∗∗
2.15∗∗
1.89∗∗

2.84∗
1.32∗
1.86∗
1.23
1.20

5.66∗
2.89∗∗
3.89∗∗
3.04∗∗
1.95∗

Panel A: 1962-1997
CLMX
RVm
Hasbrouck
Roll
Smoothed

1.85∗
1.65
1.77∗
1.59
1.91

3.59∗
3.21∗∗
3.30∗∗
2.67∗∗
2.30∗∗

Panel B: 1972-1997
CLMX
RVm
Hasbrouck
Roll
Smoothed

0.64
0.01
0.21
−0.23
0.45

4.87
2.24∗∗
3.16∗
2.32∗
1.46

3.20∗
0.94
1.56
1.17
1.42

6.04∗
2.12∗∗
3.39∗
2.59∗
1.23

Vogelsang (1998) PS1 − t test for trend in average variance series (values ×1,000).
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Suspect #3: Correlations
Final channel is correlation, negatively related to IV, because its increase
corresponds to a shift of risk towards systemic components.
Preliminary observations:
• As stated in CLMX, correlations
based on daily frequency are much
lower than those obtained from
monthly data, for both EW and VW.
• Interestingly, the difference disappears after the CMLX period.
• Difference between the series must
stem from negative autocorrelations
of daily returns in the CLMX sample, which shrunk in the post-CLMX
period.
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Suspect #3: Correlations (cont.)
Conjecture:
The wedge between correlations at different frequencies arises due to
microstructure effects, mainly arising from
a) price asynchronicity,
b) price discreteness,
resulting in zero-return observations.
How severe are zero-return observations?
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Suspect #3: Correlations (cont.)
Correcting for correlation bias:
• Assume that non-trades for asset i
occur with probability λi , independently over time and of other assets’
non-trades and returns.
• Define the bias correction term Bij
as
ρ̂ij = ρij Bij (λi ,λj ) ≈ ρij Bi (λi )Bj (λj ).
• We use simulation to determine the
bias correction Bi (λi ).
• The average value-weighted correlation is then
P wi wj ρ̂ij
i6=j

ρ̄C (w ) ≈ P

i6=j

Bi Bj

wi wj

.
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Putting all the pieces together
Testing for a trend in IV after adjusting
for all the three channels:
VW

EW

Panel A: 1962-1997
Original
Hasbrouck
Smoothed

1.94∗
1.70∗
1.84

3.73∗
3.57∗∗
2.57∗∗

Panel B: 1972-1997
Original
Hasbrouck
Smoothed

1.09
0.64
0.88

5.07
3.78∗
2.08
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Conclusion
Have firms become more or less volatile?
• Often, it is stated that in today’s market, idiosyncratic volatility is
historically low. We argue that this assessment is incorrect due to
measurement errors in earlier periods.
• We cannot confirm the common folklore that the period from the 1960s
to the early 2000s are characterized by an increase in IV.
• The puzzling feature of the data is the behavior of volatility before the
inclusion of NASDAQ stocks in 1972, a period characterized by a low
number of firms.
General take-aways:
• It is great to have so much data, but its inconsiderate use may backfire.
• Even the CRSP database is not flawless.
• Care has to be taken when using daily data prior to 1997.
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