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I
n an option pricing framework, volatility is the
only input that cannot be directly observed by mar-
ket participants. The call/put feature, time to matu-
rity, and strike price are agreed-upon characteristics,

and the risk-free interest rate and dividend payment are
fairly easy to agree upon. The unknown input for com-
puting the price of the option in the Black-Scholes
[1973] model is expected volatility over the option's life.

In a market economy with actively traded option
contracts that express the markets view of the relevant
prices for those contracts, one can solve for the volatil-
ity that equates the observed market price of the option
contract with the price given by the chosen option pric-
ing formula. This yields the implied volatility.

With the growing importance of modeling and
predicting asset volatility in modern finance, the relevance
of implied volatility as a rational forecast of future real-
ized volatility and the information content of implied
volatility with regard to historical volatility are two
important research topics. The result is the niany empir-
ical studies reviewed by Poon and Granger [2003].

Researchers have focused on the link between
implied volatility and future realized volatilit\'. Quite
surprisingly, few studies deal with the possible relation-
sliip between implied volatility and future stock returns.
This probably stems from the belief that 6nancial mar-
kets are efficient, so implied volatility cannot provide rel-
evant information as to whether stock prices are going
up or down.
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Compare this to the opinions of non-academic mar-
ket participants for whom ver>' high implied volatility lev-
els are usually seen as signaling attractive entry levels for
long traders. Their rationale is that very high implied
volatility levels occur during periods of financial turmoil
when investors are believed to be overreacting and hence
selling financial assets indiscriminantly to raise cash or limit
losses.'

The implied volatility index (VIX) of the Chicago
Board Options Exchange is now routinely discussed in
financial periodicals such as Barrott's or the Wall Streetjotir-
nal, with clear reference to a possible relationship between
extremely high levels of implied volatility and a marker bot-
tom. For example. Tan [2002| writes that "a big VIX spike
indicates the kind of extreme fear contrarians associate
with market bottoms." Even in the academic literature, the
VIX of the CBOE for S&P 100 index option contracts is
dubbed the "fear indicator" (see Whaley [2000J).

I focus on two closely related topics that deal with
the empirical link between implied volatility indexes and
stock index returns, assessing 1) the contemponineous rela-
tionship between relative changes in implied volatility
and stock market returns, and 2) the possible relationship
between implied volatility and fijture stock market returns.
In the first case, I thus look at the simultaneous changes
in the implied volatility and underlying stock indexes. In
the second case, I focus on the "does fear mean oppor-
tunity" question in examining possible trading gains for
long positions triggered by very high levels of the inipHed
volatility index. The measures are the S&P 100 and Nas-
daq 100 indexes for which the implied volatility indexes
VIX and VXN are readily available.-

Because the VIX and VXN are freely available at
the CBOE Internet website and are widely dissemi-
nated by data vendors, they can truly be viewed as pub-
lic information available to all investors and hence can
reasonably be considered possible trading signals. The
S&P 100 and Nasdaq 100 indexes are also representative
of two different class of stocks, Constituents of the S&P
100 index are widely held stocks representative of the
U.S. economy, including financial, industrial, and tech-
nological firms. This is a good proxy for the U.S. mar-
ket as a whole (although not as general as the broader
S&P 500 index). The Nasdaq 100 includes almost exclu-
sively technological and biotechnological firms. The
study thus deals with two types of stock market measures
for which the relationship between implied volatility and
returns can differ.

For both indexes I estimate the contemporaneous

relationship model during distinct subperiods represent-
ing different trading environments. Specifically, 1 exam-
ine a 1994-1997 low-volatility bull market; a 1997-2000
high-volatihty bull market; and a 2000-2003 high-volatil-
ity bear market.

In the first step, I consider one-day contemporane-
ous changes in the stock indexes (S&P 100 and Nasdaq
100) and the corresponding implied volatility indexes
(VIX and VXN). Not surprisingly, and as Whaley [2000]
documents, there is a negative and statistically significant
relationship between the returns of the two stock and
implied volatility indexes; positive stock index returns are
associated with declining implied volatility levels, while
negative returns are associated with increasing implied
volatility levels. For the S&P 100 index, this relationship
is also asymmetric in the seme that negative stock index
returns are associated with greater proportional changes in
implied volatility measures than are positive returns.

In a new contribution to the literature, I show there
are important differences across subperiods, as the con-
temporaneous relationship between the implied volatility
indexes and negative stock index returns is much stronger
in a low-volatility trading environment. One explanation
is that options traders react aggressively to negative returns
in low-volatility periods by strongly bidding up implied
volatility, but are somewhat reluctant to do so in contin-
ued high-volatility trading environments such as experi-
enced since the summer of 1997 (and more particularly
since inid-20()0). Another possible explanation would be
that sharp volatility shocks in low-volatility periods lead
to proportionally much higher discount factors for equity
markets, and thus much lower .stock prices today.

For the Nasdaq 100 index, the asymmetric effect is
rather weak, but the VXN-Nasdaq 100 co-movement is
also somewhat muted in high-volatility- trading environ-
ments. Moreover, there are no real quadratic effects for
either stock index.

In a second step, I focus on the possible relationship
between implied volatility and forward-looking stock
index returns. The aim is to ascertain if, as thought by some
market practitioners, high or very high implied volatility
leveLs do indeed indicate oversold markets and hence could
be viewed as short-term to niiddle-terni buy signals. The
empirical methodology is similar to that of Campbell and
Shiller [1998], who study the link between observed price-
earnings ratios (at a time f, for example) and fiiture stock
index returns (over a time period ranging from / + 1 to (
+ », where « is the time horizon).

Besides examining the mean return achieved over a
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E X H I B I T 1
Descriptive Data

August 1,1994-May 30, 1997
Jmie2,1997-March 31,2000
April 3,2000 - January 31,2003

January 3.1995 - Ma> 30,1997
June 2,1997-March 31, 2000
j ^ h i 3, 2000 - January 31, 2003

S&PIOO index
Stan

213.93
413.47
820.62

End
413.35
815,06
432.57

NASDAQ 100 index

Stan
398

958.69
4077.02

End
958.85

4397,84
983.05

Start
10.27
22.12
25.66

Start
21.08
33,24
64.5

V K index
End

22,12
27.21
35.78

Mean
15.84
25.56
28.63

VXN index
End

32.11
61.56
46.81

Mean
27,57
38.98
57.17

1-, 5-, 10-. and 6()-day horizon (long position in the
stock index) subsequent to a signal given by the implied
volatility index, I also assess the trading risk incurred by
taking those positions. Not surprisingly, results are very dif-
ferent from results for the one-day contemporaneous
changes in the stock indexes. In this case, there is some
weak e\'idence that positive (negative) forward-looking
returns are to be expected for long positions triggered by
extremely higli (low) levels of the implied volatility indexes.

I also obtain the same type of results using regres-
sion analysis. This seems to somewhat validate the prac-
titioners' point of view, although the evidence remains
rather sketchy, and seems to hold only for long trades trig-
gered by extremely high levels of implied volatility.

VIX AND VXN

The implied volatility indexes, VIX and VXN, are
computed on an intradaily basis by the CBOE.' By con-
struction, the VIX (VXN) is a weighted average of the
implied volatilities computed from a total of eight call and
put near-the-money, nearby, and second-nearby Ameri-
can option contracts on the underlying S&P 100 (Nas-
daq 100) index. The weighting method ensures that VIX
and VXN give the implied volatility of a hypothetical at-
the-money option with a constant maturity of 22 trad-
ing days to expiration. Details regarding construction of
the VIX are available in Whaley [1993].

Most research on the forecasting performance of
implied volatility usually shows that the indexes compare
very favorably with volatility measures that take as inputs
historical returns. Because the VIX and die VXN are read-
ily computed and are widely available, they have attracted
attention in tiie academic and non-academic literature as
a straightforward measure of the future volatility that
market participants expect.

CONTEMPORANEOUS CHANGES IN THE
STOCK AND IMPLIED VOLATILITY INDEXES

Our empirical application deals with the S&P 100
index and its corresponding implied volatility index, VIX,
and the Nasdaq 100 index and its implied volatility index,
VXN. The Nasdaq stock index has experienced a
formidable bear market, losing more than half of its value
since the Nasdaq 100 all-time high reached on March 10,
2000. The S&P 100 index, which reached its maximum
on March 24, 2000, has since then ;ilso shed a consider-
able amount of its value.

I estimate the relationship between the one-day rel-
ative changes in the VIX^ and OEX^ (S&P 100 index) and
the VXN^and NDX^ (Nasdaq 100 index) in three distinct
time periods: August 1, 1994-May 30, 1997 (low volatil-
ity, bull market); June 2. 1997-March 31, 2000 (high
volatility, bull market); and April 3, 200(J-January 31,
2003 (high volatiKty. bear market) periods. These three
time periods feature almost exactly the same number of
observations and will give us insight on the models in three
different trading environments.

Exhibit 1 presents some brief characteristics of the
stock indexes and implied volatility indexes for these
three time periods.

For the linear regression framework, we define r̂ .̂̂  ̂
= ln(O£Xj) - ln(OEX^_j) as the one-day return on the
S&P 100 index and r̂ ,̂ .̂, = hi(NDX,) - ln(NDX, ,)as the
one-day return on the Nasdaq KM) index. Correspond-
mgly. we define r^j^, = \n{VIX) ~ ln(l^X,,,) and r^^^,
= ln( VHN) - ln( k"Xi\'̂  ,) as the one-day relative changes
in the level of the implied volatility indexes.

For the overall August 1, 1994-January 31,2003, dme
period and for the three subperiods, we assess the con-
temporaneous relationship between the relative changes in
the stock and implied volatility indexes using ordinary
least squares. Because we strongly suspect an asymmetric
relationship (i.e., the contemporaneous relationship would
be different for negative and positive stock index returns),
we introduce dunuiiy variables that highlight the effect of
positive and negative returns. The first regressions are thus:

(1)

for the S&P 100 index, where D^ is a dummy variable
that is equal to 1 (0) when TQ^^ ̂  is negative (positive) and
£>; = ! - D; and
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E X H I B I T 2
Contemporaneous Relative Changes in VIX versus OEX (daily retums)

Panel A: August 1, 1994 - January 31, 2003

-0.64(0.17) 0.06(0,21) -2.95(0,18) -1.00(0.23)
-0.35 (0.22) -0.02 (0,25) -3.57 (0,41) -4.17 (0,54) 0,18 (0.12) -0.04 (0,18)

0.59
0.59

0.59
0.59

N
2,142
2,142

-1.10(0.36)
-0.32(0.41)

Po
-0.32 (0.34)
-0.08(0.43)

Panel B: August 1,1994 - May 30,1997

P
-1.70(0,68)
^.83(1.43)

-6.25 (0,69)
-5.31 (1,66) 1.84(0.94) 0.45(0.97)

0.38
0.39

0.38
0.39

N
716
716

-0.17(032)
0.10(0.41)

Po"
0.29 (0,50)

-0.17(0.45)

Panel C: June 2,1997 - March 31, 2000

PI P7 PI PI
-3.90(0,32) -4.72(0.54)
^.44(0,71) -5.52(0,82) 0.16(0,23) -0.18(0,27)

0.70
0.70

0.70
0.70

N
716
716

PJ
-0.94 (0.26)
-0.47 (0.33)

Po"
-0.88 (0,28)

-0.75 (0.36)

P
I^nel D: April 3, 2000 - January 31, 2003

PI Pr PI
-2.49(0,20) -3.61(0,22)
-3.30(0.47) -3.40(0,58) 0.20(0.12) 0.06(0.18)

0.70
0.71

0.70
0.70

710
710

White's heteroscedastie consisletti standard errors are given in parentheses. N is the number of observatiom per period.

E X H I B I T 3
Contemporaneous Relative Changes in VXN versus NDX (daily returns)

PJ
-0.64(0.15)
-0.31(0.16)

PJ
0.13(0.25)
-0.08 (0.32)

PJ
-0,18(0.26)
-0,15(0.33)

n
-0.82 (0.25)
-0.66(0.31)

Po'
0.85(0.17)
0.74(0.21)

Po
0.74(0.24)
0.74(0.32)

PJ
0.45 (0.35)
0.45 (0.36)

-0,03 (0.30)
0.05 (0,40)

Panel A: January 3, 1995

PI Pr
-0.93 (0.08) -0.98 (0,09)
-1.28(0.12) -1.10(0,21)PanelB:

PI
-1.75(0,19)
-1.34(0.51)

PanelC:

-1.30(0,16)
-1,33(0.38)

Panel D;

PI
-0,74 (0.09)
-0.86(0.16)

-January 31,2003

f̂  PJ

0.05(0.01) -0.02(0.04)
January 3,1995 - May 30,1997

Pr PI PJ
-1.60(0,14)
-1.59(0.39) -0.13(0,15) 0.00(0,08)

; June 2, 1997-

Pr
-1.70(0,21)
-1.70(0.38)April 3. 2000 -

Pr
-0.89(0.11)
-0,82(0.31)

March 31. 2000

0.01(0,08) 0.00(0.08)
January 31, 2003

PI PJ
0,01(0.01) 0.01 (0.05)

0.45
0,45

0.47
0.47

0.51
0.51

0,47
0.47

0.45
0.45

0,47
0.47

0.51
0.51

0.47
0.47

N
2,036
2,036

N
610
610

N
716
716

710
710

Hfjite's heteroscediisric comisleiu stimdard errors are^iveu in piirojthcsrs. N is the nunthcr of ol'sert'ations per period.

+

+ + (2)

for the Nasdaq 100 index.
Estimarion results are given in the first row in each

panel in Exhibits 2 and 3. White's heteroscedastie con-
sistent standard errors are reported in all cases. The fitted
responses in r,,,̂ .̂  to r̂ -,̂ .̂̂  and in r^.^^.^ to rv^^-, are dis-
played in the first graphs in Exhibits 4 and 5. Let us first
discuss the results for the S&P 100 index.

When we look at P^ and ,̂" in the tables and the

slopes of the response curves in the graph, it is obvious
that an asymmetric efFect is at work, fi^ and jS," are
sharply different (the difference according to a Wald test
is statistically different from 0 in all subperiods). In all cases,
j8i" is higher in absolute value than /3*, which indicates
that negative returns for the stock index are associated with
much greater relative changes in the implied volatility
index than are positive returns.

This is also obvious in Exhibit 4 as the slopes at the
left are much steeper than the slopes to the right. As
expected, positive stock index returns are associated with
declining implied volatility, while negative stock index
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E X H I B I T 4
VIX/OEX Response Curves for S&P 100 Index

Change in VIX versus Change in OEX—
Linear Effects Only

P1PJF3
PI

• P!
PJ

•

OEX (7.)

Change in VIX versus Change in OEX-
Quadratic Effects

OEX

Pl:Augtisl I 199'f-May30, 1997; P2: June 2, 1997-March 31. 2000;
P3: April 3, 2000~Jamiary31, 2003; P1P2P3 overall 1994-2003 period.

returns are associated with increasing implied volatility.''
What is surprising, however, is that the asymmet-

ric effect is much stronger in subperiod 1 than in sub-
periods 2 and 3, although subperiod 1 represents the
low-volatility trading environment (the period that pre-
cedes the major financial and geopohtical crises). Actu-
ally, fix increases in absolute value and ,̂" declines in
absolute value going from subperiod 1 to subperiods 2
or 3. Therefore the increase in implied volatility associ-
ated with negative stock index returns is somewhat smaller
in high-volatility trading environments than in low-volatil-
ity markets (and vice versa).

A possible explanation is that volatility had reached
a very high level in subperiods 2 and 3, and options
traders were unwilling to bid it higher when the stock
market fell; in the low-volatility market of subperiod 1,
the co-movement of implied volatility and negative stock
index returns was much sharper, as options traders reacted
aggressively to these negative returns. It could also be

argued that sharp volatility shocks in low-volatility peri-
ods lead to proportionally much higher discount factors
for equity markets, and thus result in much lower stock
prices today. (See Schwert 11990] for further discussion.)

Results are quite different for the Nasdaq 100 index.
The asymmetric effect is not statistically validated as
P^ — /3,~ is not statistically different from 0, except in sub-

period 2, although the P-value for the equality test is equal
to 0.035 and equality is thus barely rejected. Note also that
the slopes at the left and the right in Exhibit 5 are quite
similar. Neither are there sharp differences across the sub-
periods, although P* and {3^ are much smaller in abso-
lute value in subperiod 3 than in subperiod 1. Therefore
the co-movement between volatility and increases/
declines in the Nasdaq 100 index is somewhat muted in
the high-volatility (and bear market) trading environment.

In a second step, we add the quadratic terms TQ/.-̂ -̂,

and r ,̂j-j^ ^ to the linear regressions to assess the size effect
of the returns. High or low stock index returns can co-
move differently with one-day relative changes in the
implied volatilit\' iiidexes. The second set of regressions is:

A' +A>oo,,A'

O; + Adx-.A' (3)

and

^VXNj ~

i ^ D: + e. (4)

The estimated coefficients are given in the second
row of each panel in Exhibits 2 and 3. The fitted responses

^^^vixt '•̂  ''o/A'f ^^'^ ''rvvf ^^ ^̂ •DXf ^^ displayed in the
second graphs in Exhibits 4 and 5.

For the S&P 10() index, ft^ is (barely) statistically dif-
ferent from 0 in subperiod 2 only; p^ is not statistically
different from 0 in any period. Note that the R' are
almost the same as in Equation (1). The first and second
graphs in Exhibit 4 are quite similar, except for the right
side of the response curve in subperiod 1 (in that case,
coefficient PI is quite high and significant).

For die Nasdaq 100 index, the quadratic effect is also
rather weak as Pi is never significant and ^3; 's significant
only in the overall period. The first and second graphs in
Exhibit 5 tell the same story, as die two sets of response
curves are almost identical.
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E X H I B I T 5

VXN/NDX Response Curves for Nasdaq 100 Index
Change in VXN versus Change in NDX—
linear Effects Only

P1PJP3 .
— — PI

P I

- 6 - 4 - 2 0

NDX {7.)

Change in VXN versus Change in NDX
Quadratic Effects

•-

«

ta

| -

ta

o

— —PI
-• PI

PS

N

I - 6 -2 0

NDX (?.)

PI: August 1, 1994-May30, 1997; P2: June 2, 1997-March 31.
2000; P3: April 3, 2000-JatmaTY 31. 2003; P1P2P3 overall
1994-2003 period.

Taking into account all these empirical results, we
conclude that an asymmetric effect is at work for the S&P
100 index, but that there are no quadratic effects. For the
Nasdaq 100 index, there are no quadratic effects and
almost no asymmetric effect. There are, however, impor-
tant differences for both indexes in the asymmetric effect
across subperiods, as the implied volatility-negative stock
index return co-movement is much stronger in the low-
volatility trading environment.

ARE VIX AND VXN FORWARD-LOOKING
INDICATORS?

While it is clear that negative returns are associated with
increased implied volatility; there is a growing debate as to
how implied volatility indexes can indicate overbought or
oversold market conditions. I tackle this issue by looking at

the relationship between the level of the implied volatility
indexes, VIX and VXN, at a given time (say, time t) and
the forward-looking (or H~day-ahead) 1-, 5-, 20-, and 60-
day relative changes in the underlying S&P 100 and Nas-
daq 100 indexes. I thus focus on the relationship between
K/X, and r\d^, r5d^, rlOd^, and t60(i^ where r\d^. rSd^, r20d,,
and rtiOdj are the forward-looking 1 -, 5-, 20-, and 60-day
relative changes in the level of the S&F 100 index.*'

The exercise is repeated with the VXN and for-
ward-looking relative changes in the level of the Nasdaq
100 index.

To see whether very high implied volatility levels
turn out to be relevant trading signals for long positions,
i use an algorithm as follows, hiiplied volatility levels are
classified according to 20 rolling equally spaced pcrcentiles
of the implied volatility index observed at any time,^

Let us illustrate with the S&P 100 index. At a given
time t, the 20 equally spaced percentiles are computed for
the set of { VIX.} values where i e t- T^^...t~ \, that is,
the information set that includes the past history of the
VIX index up to time ^ - 1. Tlien VIX^ is compared to
these 20 equally spaced percentiles and ranked accordingly,
say, in position R^. If WX, is high, it will probably be
ranked at 15 or above. If t-VX̂  is very high. R^ will be much
closer to 20. If VIX^ is higher than the maximum of all
VIX., it is ranked as R^ = 21. Given the rank R^ observed
at time t, forward-looking returns are computed for the
S&P 100 index rlrf,, i5d^, r20d^, and rtSOrf,, which then cor-
respond to the forward-looking returns for a long posi-
tion in the S&P 100 index (for the particular time horizon)
triggered by the observed VIX^.

In this way we switch from a qualitative description
of the trading environment (the VIX level is "very high")
to a quantitative measure that can be used to rank the
observed levels of the implied volatility index. In this
framework, T^^ specifies the backward-looking time hori-
zon (i.e., size of the information set) used to compute the
rank of K/X .̂ This trading rule is implemented for all avail-
able observations in the S&P 100 and Nasdaq 100 datasets.
It is programmed as a rolling measure as the time index
goes fk>m T,j + 1 to T (end date of the sample).

Once the rolling classification has been run and the
rldj, r5d^, T20d^, and r6()(/, recorded for all time /, the last
step is to compute the expected value and variance of the
1-, 5-, 20-, and 60-day forward-looking returns for all
ranks (ranging from 0 to 21). If very high levels of the
implied volatility index really indicate oversold markets
dominated by fear, then on average r\d^, r5d^, T20d^, and

^ should be quite high for R close to 20.
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E X H I B I T 6
Outcome of Trading Strategy (S&P 100 Index)—
8/94-1/03

Duinmy variable rid
Dl,

m.
Z)3,
ZM,
DS,
D6,
Dl,

m.
D9,
DW,
Dll,
D12,
DIZ,
014,
D15,
D16,
Dll,
i)18,
D19,
£ • 2 0 ,
021,

-0.32(0,15)
-0.20(0,12)
-0.14(0,10)
-0.06(0,12)
-0,10(0.11)
0.06(0.16)
-0.15(0,13)
0.09(0.10)
0.26(0,12)
0.04 (0.10)
0.03(0.13)

0(0.12)
0.02 (0,10)
0,07(0,11)

0 (0.09)
0,04(0,10)
0.14(0,09)
-0.08(0.10)
-0.02(0.10)
0,18(0,08)
1.06(0.68)

r5d
-1.00(0,48)
-0,82 (0,35)
-0,70(0,31)
-0.22 (0,30)
-0.27 (0,34)
0.20 (0,40)
0.07(0.33)
0.01 (0,29)
0.28(0,34)
-0,04 (0,28)
0.44 (0.24)
0.65 (0.27)
0.03 (0.35)
0.31(0,31)
-0,23 (0,26)
-0.11(0,34)
0.28 (0.30)
0.37 (0,24)
-0,09 (0,28)
0.90 (0,28)
2.85(1,08)

r20d
-5.00(0.74)
-2,60(0,86)
-2,17(0.78)
-0,56 (0.73)
-0,34(0,80)
-0.55(0.79)
0.39(0.79)
0.35(0.71)
0.72 (0.74)
-0,51(0.69)
0.57 (0.66)
1.64(0.57)
0.97 (0,69)
1.06(0.67)
1.06(0.52)
0.32(0.73)
0.86 (0,66)
1.61(0.68)
0.15(0,57)
2,85(0,55)
6.02(1,66)

r60d
-12.66(1.23)
-6.23 (0.94)
-5,68(1,00)
-3.82 (0.93)
-0,82(1,01)
-1.48(0.98)
1,00(0.92)
0,92 (0.85)
0,55(0.84)
1.01 (0.85)
3.01 (0.90)
2,37 (0.92)
2.63 (0.79)
2,16(0.73)
3.97 (0.72)
2,57 (0.68)
3.40 (0.69)
4,57 (0.63)
3,44(0.56)
5.92 (0.40)
10,65(1,98)

Izstimaied OLS coeffidetits. Ncwey- West standard errors are \;iivn in parentheses.

E X H 1
Outcome
6/97-1/03

B I T 7
of Trading Strategy (Nasdaq 100 Index)—•

IXinuny variable rid
Dl,

m.
Dl,
D4,
D5,
D6,
Dl,
D&,
D9,
DW,
Dll,
D12,
/)13f
D14,
D15,
D16,

Dn,
DI8,
D\9,
D20,
D21,

-0.60(0.20)
-0,04 (0,37)
0.02 (040)
-0.34 (0.39)
-0,05 (0.28)
-0.22 (0.52)
-0.11(0,29)
-0,12(0,30)
-0,05 (a30)
0,13(0.29)
-0.19(0.29)
0.05 (0.38)
0.14(0.25)
0.07 (0.33)
0.09 (0.30)
-0.16(0.31)
0.16(0.26)
-0.14(0.23)

0 (0.28)
0.35 (0.23)
0,75(1,39)

Estimated OLS coefficients. Neii/C}'

r5ci

-1.84(0,96)
-0.61(1,03)
-0.48(0,69)
-2.06(1.07)
-2.39(1,06)
-0.55(1.01)
0.08 (0.88)
-0,70(1.27)

0 (0.78)
0.44 (0.84)
-0,76 (0.87)
1,17(0,70)
0.66(0.97)
1.01 (0,75)
0,68 (0,83)
-0.54 (0.93)
-1.36(0.75)
0,63 (0.72)
0,36(0,79)
1.15(0,89)
3.73(1.73)

r20d
-6,14(1,38)
-4.46 (2,03)
-4.90(1.93)
-8,00 (2,78)
-9,24 (3.08)
-3,34(2.89)
-1.99(1.71)
-0,39(2,73)
-0,03(1.86)
2.50(1.80)
1,52(2,00)
1,69(1,54)
2.01(2,17)
2.02(1.82)
3,13(1,64)
-0.28(1.55)
0,05 (2.09)
3,27(1,73)
1,49(1,69)
1,20(1,89)
11.16(3.63)

- West standard errors arc Î 'M

r60d
-21.81 (2.39)
-14.73 (2.80)
-15.01 (3,03)
-6.11(3,03)
-6,64 (3.60)
-6,60 (4,46)
-5,42 (4,22)
-4.97 (4,27)
-0.44 (3.30)
4.67 (3.55)
7.51 (3,45)
6.98(3,20)
4.80(4,10)
1.92(4,22)
2,71 (3.53)
-1.24(3.67)
1.82(2,74)
7.45 (2,55)
3.02 (3,39)
1.57(3,84)

27.19(7.38)
?ii (VJ parentheses.

Outcomes of this trading strategy are reported in
ExhibiK 6 and 7 for the S&P U)0 and Nasdaq 100. For
both stock indexes, T̂  = 2 years, which implies that on
a given day ( K/X, (VXN) is compared with the 20
equally spaced percentiles based on a rolling two-year

history of VIX (yXN).** The dme period is August 1,
1994-January 31, 2003, for the S&P 100 index and June
2, 1997-january 31, 2003, for the Nasdaq 100 index.

While there is no clear pattern for tlie middle cat-
egories, for low levels of VIX or VXN (R between 1 and
5), expected forward-looking return.s are always negative,
whatever the time horizon. At the otiier end of the scale,
forward-looking returns in categories R = 20 and R = 21
are always positive on average.

More important, forward-looking returns triggered
by levels of implied volatility in category R =̂  21 (i.e., we
enter a long position on date t if VIX^ is higher than its
maximum over the last two years) are characterized by high
positive average values and ver\' low coefficients of vari-
ation (not tabulated). For example, the 1 1 occurrences in
category R = 21 for the Nasdaq 100 index produce an
average return of 27.19% within the next 60 days with a
coetEcient of variation of only 0.63.

To assess the statistical relevance of our results, we
esrimate the regressions:

(5)

r5d, =

rlOd, =

rj, (6)

5,D2, -t- ... q,

r60d, = 5,Dl, + d.Dl, -r ... + 5,,D2\, + i), (8)

where Dl^, D2 ,̂ ..., D21^ are dummy variables defined
sucb that Di^ — 1 if R̂  = i, and T) is the OLS eri-or term.
Thus we map the R, classification variable into 21 distinct
dummy variables that can be used in a linear regression
model.

Each coefficient can be directly interpreted as the
expected return at the given time horizon when K/X, or
l-^N^ is ranked in category- R, at time t. For example, the
estimated 5 ,̂, for the S&F 100 index at the 20-day time
horizon gives the expected return for the S&P 100 index
whenever the level of the VIX is classified at rank 20. Esti-
mation results for the coefficients of the dummy variables
are equal to the average fonvard-lookiiig returns computed
already.

To indicate whether the coefficients are signiBcandy
different from zero, I show in Exhibits t and 7 the Newey-
West standard errors in parentheses. We can see that most
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coefficients in tbe middle of the exhibits are not signifi-
cant, while those at the very top tend to be strongly neg-
atively significant, and those at the very bottom are
strongly positively significant.

These results lend some support to the hypothesis
that extremely high levels of implied volatility signal
attractive buy points for traders who want to take long
positions in the underlying index. This seems consistent
with trader conclusions that extremely high-volatility
markets are oversold, which should benefit traders enter-
ing long positions.

The academic literature certainly suggests a link
between high expected returns and high conditional
volatility. Merton's work [1973, 1980] motivates the
ARCH-M model of Engle, Lilien, and Robins [ 1987| (as
Whaley [2000] states: "if expected market volatility
increases, investors demand higher rates of return on
stocks"). Christensen and Prabhala [1998] and Blair, Poon.
and Taylor [2001] note that the implied volatility tracks
and forecasts future realized volatility well, so it is not
unreasonable to think of the same relationship between
observed implied volatility and forward-looking returns.
Our results are thus consistent with the literature on the
relarionship between returns and market volatility.

CONCLUSION

This research shows there is a strong negative rela-
tionship between contemporaneous changes in implied
volatility indexes and the underlying stock indexes for both
the S&P 100 and the Nasdaq 100. For the S&P 100 index,
the relationship is asymmetric; negative returns for the
stock index are associated with much greater relative
changes than positive returns in the implied volatility
index (VIX).

The extent of this asymmetric effect depends on the
period. The increase in implied volatility when negative
stock index returns occur is somewhat lower in higb-
volatility trading environments than in low-volatility peri-
ods; the converse is true for a decline in implied volatility.

For the Nasdaq 100 index, the asymmetric effect is
rather weak, as the changes in the VXN index observed
for positive and negative returns for the NDX index are
quite similar. For the S&P 100 index, the co-movement
between the VXN and the Nadaq 100 index is somewhat
muted in high-volatility trading environments.

If, as some market practitioners think, high or very
high implied volatility levels indicate oversold markete, for-
ward-looking returns for long positions in the underly-
ing stock index triggered by these large implied volatility
levels should be attractive. There is some evidence that
positive forward-looking returns are to be expected for
long positions in the stock index triggered by high levels
of the implied volatility indexes, but one must wait for
extremely high levels of implied volatility to get very
attractive positive forward-looking returns.

ENDNOTES

The author thanks Carol Alt'xandfr, Helena Beltran,
Apostolos KaLsaris, Mikacl I'etitjean, Anniii Schwienbachcr, and
an anonymous referee for useful suggestions.

'Traders and market participants thus suppose th«e are
short-lived periods when market participants do not act rationally
but engage in herding behaviors chat drive down asset prices.

-Note that this is the "old" VIX, as this research was com-
pleted in 2003. Early in 2()()4, the C:BOE introduced a new VIX
(whose underlying index is now the S&P 500 index).

•'See the CBOE website at http://www,cboe.coin.
'For the Nasdaq 100 index, the first subperiod starts Jan-

uary 3,1995, as the VXN data are not available before that date.
'The asymmetric effect in the volatility versus rctiinis rela-

tionship has been widely documented in the rin.uicc literature;
see, for example, French, Schwert, and Stambaugh [1987] or
Glosten, Jagannathan, and Runkle []')93].

'For example, oii, is computed as 111(̂ ,̂ 5) - ln(P,) and is
the five-day forward-looking retum relative to the VIX level
observed at time f.

'By 20 equally spaced percentiles, we mean the 5,10,....
95 percentiles.

"Results are similar for shorter T,,,

REFERENCES

Black, Fischer, and Myron Scholes. "The Pricing of Options
and Corporate Vnbihtics." Jounuil of Political Eamortty, 8\ (1973).
pp. 637-659.

Blair, BevaiiJ., Ser-Huang Poon, and Stephen J. Taylor. "Fore-
casting S^IJP 100 Volatility: The Incremental Infonnation Con-
tent of Implied Volatility and High-Frequency Index Retums."
Joumal of Econometrics, 105 (2001), pp. 5-26.

Campbell, John Y., and Robert J. Shiller. "Valuation Ratios
and the Long-Run Stock Market Outlook." TIte Joumal of
Portfolio Managemeni, 24 (1998), pp. 11-26.

THE JOURNAL OF PORTPOUO MANAGEMENT 9 9



Christensen, Bent J., and Nagpumanand R. Prabhala. "The
Relation between Implied and Realized Volatility." JoHma/ of
Fitumdal Eamomics, 50 (1998), pp. 125-150.

Engle. Robert F., David M. Lilien. and Russell P. Robins.
"Estimating Time Varying Risk Preniia in the Term Structure."
Ecommctrica, 55 (1987). pp. 391-407.

French. Kenneth, G. William Schwert, and Robert F. Stam-
baugh. "Expected Stock Returns and Volatility." Jowmj/ of
Financial Ea>nomia, 19 (1987), pp. 3-29.

Glosten, Lawrence R., Ravi Jagannathan, and David E. Run-
fcle. "On the Relation between Expected Value and the Volatil-
ity of the Nominal Excess Return on Stocks. "_/oMm(i/ of Finance,
48(1993), pp. 1779-1801.

Merton, Robert C. "On Estimating the Expected Return on
the Market; An Exploratory Investigation."_/ciumj/ of Financial
Economics. 8 (1980), pp. 323-361.

. "An Intertemporal Capital Asset Pricing Model." Econo-
metrica, 42 (1973), pp. 867-887.

Poon. Ser-Huang, and CUve Granger. "Forecasting Volatility
in Financial Markets: A Review, "^uuma/ of Economic Uterature,
41 (2003), pp. 478-539.

Schwert, G. William. "Stock Volatility and the Crash of'87."
The Review of financial Studies, 3 (1990), pp. 77-102.

Tan, K. "Fixated on the VIX." Banon's, July 29, 2002.

Whaley, Robert E. "Derivatives on Market Volatihty: Hedg-
ing Tools Long Overdue." Tliefoumal of Derivatives, 1 (1993),
pp. 71-84.

. "The Investor Fear Gauge." The Joumal of Portfolio Man-
agement, 26 (2000), pp. 12-17.

7<> order reprints of this article, phase contact Ajani Malik at
amalik@iijournah.com or 212-224-3205.

1 0 0 RELATIONSHIPS BETWEEN IMPLIED VOLATILITY INDEXES AND STOCK INDEX RETUIUMS SPRING 2005




