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Abstract

Equity index options historically displayed sharply negative returns and CAPM
alphas. This paper examines whether that is still true. It studies returns on S&P 500
options between 1987 and 2025 and provides novel evidence that there was a structural
break in risk premia around 2012. After 2012 — a sample equally long as those in the
original studies that found negative premia — standard options strategies no longer
have statistically significant alphas or information ratios. The decay in the returns is
contemporaneous with a change in dealer option portfolios, and also comes around the
same time that many other prominent strategies decayed. The results have implications

for the interpretation of the VIX and variance risk premium along with portfolio choice.

1 Introduction

A major empirical fact in financial markets is that equity index options have been overpriced
historically relative to simple benchmark models. Investors who purchase options have, on

average, earned highly negative returns and CAPM alphas.!
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The basic contribution of this paper is to examine whether S&P 500 options remain
overpriced. While there was clear evidence prior to around 2012 that options earned negative
returns, that is no longer true. The initial papers finding that S&P 500 options appeared
to be overpriced were based on 10-15 years of data.? Over the most recent 10-15 years, the
same returns are no longer statistically or economically significantly negative and in many
cases are actually positive.

More specifically, this paper examines mean returns and CAPM alphas for S&P 500
options, both individually and in portfolios (straddles and the VIX portfolio) with and
without delta hedging (i.e. hedging the returns for their local exposure to the S&P 500). It
replicates findings from past work that to varying degrees and levels of statistical significance
there were negative returns on S&P 500 options strategies between the late 1980’s and early
2000’s. Consistent with Broadie, Chernov, and Johannes (2007), henceforth BCJ, the results
are strongest for straddles and delta-hedged strategies because the distributions of the returns
are better behaved.

Subsequent to about 2012, the observed premia largely disappear. While there is a
literature that has studied time-variation in various option premia, no other recent work
quantitatively analyzes the robustness of the most basic features of returns over time.?> Sta-
tistical tests for a break in the returns process, even accounting for the effects of multiple
testing, reject the null of no break in most of the cases. The paper also provides simulation
evidence that the statistical tests have correct size.

The paper then develops an equilibrium model in which heterogeneous beliefs among
investors drive trade in options.* When investors are able to buy options frictionlessly but
face barriers to selling them — a situation we argue characterized the period prior to the early
2000’s — the model implies that options are overpriced in the sense that their returns relative

to the underlying (again, with and without delta hedging) are negative. As the friction eases
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and Chen, Joslin and Ni (2019).



and retail investors can also supply options, the equilibrium price falls and returns move to
zero, consistent with the empirical results.

In addition to being able to explain why there would have been a decline in option premia,
the model has an additional prediction, which is that the decline should have coincided with
a decline in the asymmetry of positions held by unconstrained investors, which we model
as dealers. Similar to Garleanu, Pedersen, and Poteshman (2008), dealers in the model
absorb excess demand from the retail agents. The model’s prediction is that frictions cause
asymmetry in demand and hence overpricing. Dealer positions reveal that asymmetry, so
dealer positions should predict returns, and they should shift to zero at the same time that
returns do. And in fact that is what we observe in the data. The options premium goes away
around 2012, which is the same time that the net positions of dealers shift from negative to
neutral. Additionally, dealer option exposures have significant predictive power for future
option returns.

Beyond the positions, an extension of the model also predicts that declines in the frictions
faced by dealers should have reduced premia. At the same time that net dealer positions
shifted from negative to neutral, the frictions that they face in hedging options positions,
including the bid/ask spread of the underlying and basis risk, also declined.

The model’s third implication is that the change in the returns on delta-hedged options
comes from a change in the return on the option leg of the trade, not the hedge. The
return on the hedge itself — which is meant to approximately replicate an option return
via dynamic trading in the underlying, is predicted to have been stable over time. In the
data, that is what we observe. We show that a delta hedge does a surprisingly good job
of capturing option returns, including providing economically meaningful nonlinearity in
returns. Additionally, constructing a delta hedge does not actually require options to exist —
it just requires a volatility forecast — and we find that not just in the modern period but all
the way back to 1926, there is no evidence for a nonzero CAPM alpha. In other words, there
was only a relatively brief period between 1987 and about 2010 where traded options earned
a (negative) CAPM alpha. Outside that period, neither traded options nor their dynamic
replication strategy had a nonzero alpha in either direction.

This paper adds to the list of prominent asset pricing anomalies whose performance
declined over the past two decades. Predictors of both aggregate stock market returns and
returns on individual stocks are well known to often have significant trouble out of sample. In
addition, average returns across equity anomalies have declined to near zero since the early
2000’s. The value and momentum portfolios on Kenneth French’s website had approximately
zero cumulative returns between 2002 and 2025. In currency markets, the carry trade has

shown no outperformance since the Global Financial Crisis. The behavior of options returns



thus appears consistent with what has been observed more broadly, which, if not an increase
in overall market efficiency, is at the very least a decline in the strength of many of the most
famous strategies.

The fact that options no longer earn the premia that they used to also calls into ques-
tion some of the theories used to explain their previous behavior. For example, past work
argued that ambiguity, rare disasters, or long-run risk could explain the pricing of options.?
But if option prices have declined, then those types of aggregate consumption-based risks
should have also declined. As Chen, Dou, and Kogan (2024) discuss, though, testing that is
difficult. Consumption-based models often rely on what they call “dark matter” that is not
directly observable. Intermediary-based models have the nice feature that they are driven
by relatively more easily observed state variables, and those variables line up well with the
empirical observed decline in option premia.

That is not to say that the consumption-based models are ruled out by the results — the
point of Chen, Dou, and Kogan (2024) is precisely that they are difficult to test and reject.
Instead, it is simply that intermediary models have the ability to explain the observed shift.
More generally, the paper’s results on the performance of both options and the delta hedge
represent new benchmarks for models to match.

The results are also relevant for the interpretation of the VIX index. In the period when
there was a large variance risk premium, the VIX’s average value was about 3 points above
average realized volatility. As the variance risk premium has declined, the average of the
VIX has nearly converged to that of realized volatility so that it is, at least on average,
nearly an unbiased predictor of volatility.

The results also have applications to portfolio choice. They imply that for many in-
vestors, volatility and jump risk are not relevant risk factors. While they may represent an
uninsurable risk, they are not one that has captured any premium in the recent data, at least
based on simple option strategies. That means that for an investor who is choosing a static
portfolio (since all our results are unconditional), they do not improve the mean-variance
tradeoff compared to just investing in the total equity market.

The remainder of the paper is organized as follows. Section 2 describes the data and
contains the core analysis of option returns. Section 3 develops a heterogeneous-agent model
that is able to rationalize the empirical results, and it then tests the model’s overidentifying
implications. Finally section 4 briefly discusses broader implications of the results and section

5 concludes.

°E.g. Drechsler and Yaron (2011), Gabaix (2012), Drechsler (2013), and Seo and Wachter (2019).



2 The history of S&P 500 index option returns

This section examines returns on different options strategies over time and tests for whether

there has been a break in their means.

2.1 Data

The dataset for traded options splices together CME futures options for the period 1987-1995
with CBOE SPX options from Optionmetrics for 1996-2025. Following Broadie, Chernov,
and Johannes (2009), we study a monthly rolling strategy, where options are purchased on
the third Friday of every month and then held to their maturity on the following month’s
third Friday.

In calculating returns, we scale the option payoffs by the initial option price. Formally, if
the option price is Oy, then the option return is defined as (X; — O;_1) /O;_1, where X; is the
option’s terminal payoff in month ¢. This is the standard return that an investor purchasing
the option would earn per dollar invested.

We discuss robustness to this choice and present results scaling by the price of the un-
derlying, P, 1, in the denominator, which corresponds to the return per unit of insurance
(as in Biichner and Kelly (2022)), in external appendix 1.

We focus on returns on five different strategies. The first four use vanilla options: 5%
out-of-the-money puts and at-the-money straddles, with and without daily delta hedging.
Last, we use the standard result from Carr and Wu (2009) that, if the level of the S&P
500 is approximately a geometric diffusion, the VIX index is the square root of the price of
a variance swap. The variance swap return is then (R\/t — VIXf_l) JVIX? |, where RV, is
annualized realized variance over the holding period (based on the daily sum of squared log
returns on the S&P 500) and VIXZ | is the squared VIX at the beginning of the month.

The analysis focuses on CAPM alphas. The alphas are relevant not because the CAPM
is necessarily the “true” model of risk premia, but rather simply as a benchmark to evaluate
whether options carry any independent premium (similar to how equity factors are evaluated)
beyond what is embedded in the market return.

Finally, the analysis takes August 2012 as its baseline break date, based on the timing
of a shift of the net holdings of dealers, discussed in section 3.4 (and see figure 5).5 To be
clear, though, the paper’s primary statistical break tests are based on methods that account

for multiple testing across many potential dates (section 2.2).

6Specifically, that is the last date where a 12-month moving average of intermediary S&P 500 gamma
was negative.



2.2 Returns and alphas over time

Figure 1 presents cumulative returns and CAPM alphas for the five different strategies. The
cumulative returns (top panels) and alphas (bottom panels) are calculated by summing the
monthly returns over time. All returns are rescaled so that they have the same monthly
standard deviation as the straddles. The left-hand side gives results for strategies without
delta hedging and the right with delta hedging (where the variance-swap strategy is grouped
with the delta-hedged strategies). The dashed vertical line in each panel represents the
baseline break date of August 2012.

In all four panels, the returns are clearly negative in the first part of the sample up to
about 2012. Subsequently, though, to varying degrees, the returns appear to shift towards
zero, so that the cumulative return lines flatten out. The flattening is stronger when we
control for market returns, either via delta hedging or by looking at CAPM alphas.”

To put numbers on that, figures 2 and 3 use bar charts to report measures of the mean
and volatility of returns over the full sample and the pre- and post-August/2012 subsamples.
In each panel there are four bars: the first represents the full-sample estimates (“Full”), the
second the pre-2012 estimates (“Pre”), the third the post-2012 estimates (“Post”) and the
last the difference between the Post and the Pre estimates (“Diff”). FEach bar includes
whiskers representing 90- and 95-percent confidence intervals. The columns correspond to
the five strategies.

Figure 2’s three rows report alpha, beta, and information ratios. The figure shows that
alphas and information ratios declined in absolute value (so the difference between post
and pre 2012 is positive), while betas were generally stable. The alphas are statistically
significantly negative in the first part of the sample for all five strategies, and they all
increase post-2012, becoming positive for the straddle, the delta-hedged straddle, and the
variance-swap series, while remaining negative but no longer statistically significant for the
95% put and the delta-hedged 95% put. The change in the alpha is statistically significant
at the 5% level for the straddle and the delta-hedged straddle, and at the 10% level for the
delta-hedged 95% put.

In a mechanical sense, an increase in the alphas (from negative to zero) could be explained
by the betas becoming more negative (holding the mean returns fixed), but that is not what
we observe — the betas show little change, with no clear pattern across the strategies.

Similar results hold for raw returns: figure 3, whose rows report means, standard devia-

tions, and Sharpe ratios, shows similar, though somewhat weaker, declines post-2012. Again,

"Even after delta hedging, the options can still have an exposure to the market for at least three reasons:
the model used to calculate the delta is not perfect, the hedging is done discretely rather than continuously,
and the underlying can potentially jump.



Figure 1: Cumulative returns and alphas
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Description: The top panels show cumulative returns, and the bottom panels show cumulative CAPM al-
phas, for the five option strategies, with returns scaled by the initial option price ((RV; — VIX??I) JVIX?
for the variance-swap series). Cumulation is done by simple summation rather than log-compounding, since
option-price-scaled returns can fall below —1. The left-hand panels show strategies without delta hedg-
ing (95% put and ATM straddle) and those on the right show delta-hedged strategies (delta-hedged 95%
put, delta-hedged ATM straddle, and (RV — VIXQ) /VIXQ). All series are standardized to have the same
monthly standard deviation as the straddle before cumulating. The dashed vertical line marks August
2012. Sample period: monthly returns, 1987:08-2025:08, N = 457 monthly observations for each of the
five strategies. Interpretation: Cumulative returns and alphas trend strongly negative through about
2012 and then flatten (more clearly so for alphas), indicating that the negative option premia documented
in the earlier literature have sharply declined in the post-2012 period.



Figure 2: Alphas, betas, and information ratios
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Description: Each column corresponds to one of the five strategies, with returns scaled by the initial
option price ((RVt - VIX?_l) JVIXZ_, for the variance-swap series). The top row shows annualized CAPM
alphas (computed using the full-sample beta), the middle row shows CAPM betas, and the bottom row
shows annualized information ratios. The four bars in each panel represent the full sample, the pre-August
2012 subsample, the post-August 2012 subsample, and the difference (post minus pre). Thick and thin
whiskers represent 90- and 95-percent confidence intervals based on robust standard errors. Sample period:
monthly returns, 1987:08-2025:08, N = 457 monthly observations (pre-August 2012 subsample N = 301;
post-August 2012 subsample N = 156). Interpretation: Alphas and information ratios were significantly
negative in the pre-2012 sample but rise toward (and in some cases above) zero post-2012, with the change
statistically significant for the straddle, the delta-hedged straddle, and the delta-hedged 95% put; CAPM
betas show no comparable shift.



all the mean returns are statistically significantly negative at the 5% level in the first half
of the sample, but that no longer holds in the second half. The change itself is statistically
significant at the 5% level for the delta-hedged straddle and at the 10% level for the straddle.

Figure 3: Returns, volatility, and Sharpe ratios
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Description: Each column corresponds to one of the five strategies, with returns scaled by the initial
option price ((RVt — VIX?_l) / VIX?_1 for the variance-swap series). The top row shows annualized mean
returns, the middle row shows annualized standard deviations, and the bottom row shows annualized
Sharpe ratios. The four bars in each panel represent the full sample, the pre-August 2012 subsample, the
post-August 2012 subsample, and the difference (post minus pre). Thick and thin whiskers represent 90-
and 95-percent confidence intervals based on robust standard errors. Sample period: monthly returns,
1987:08-2025:08, N = 457 monthly observations (pre-August 2012 subsample N = 301; post-August 2012
subsample N = 156). Interpretation: Mean returns and Sharpe ratios are significantly negative in the
pre-2012 subsample but shift toward zero in the post-2012 subsample; standard deviations are essentially
unchanged, so the decline in Sharpe ratios is driven by the change in means rather than in volatility.

One common feature across the figures is that the results are weakest for the raw returns
on the unhedged 95% put. The reason for that is that market returns accelerated post-2012
— from 5.9 to 13.2%. The 95% put inherits that due to its negative beta. The results that
remove market returns, either through delta or beta hedging, avoid that issue.

Overall, then, figures 2 and 3 provide the simplest evidence that the CAPM alphas and

mean returns earned by standard option strategies have changed significantly in the last 15



years compared to the values observed prior to 2012. The results are clearly strongest for
the cases where returns are adjusted for the market, or have weaker exposure to the market
to begin with (straddles and variance swaps). That result is exactly what to expect based on
the results of BCJ who noted that the extreme behavior of unadjusted vanilla option returns

makes them unattractive both for testing models and trying to measure average returns.

2.3 Tests for a break in the returns process
2.3.1 Methods

The results so far are meant to give a basic description of the data and show that it appears
that realized returns have shifted such that they are no longer distinguishable from zero on
average. There are some concerns that one should have with those results, though. First, the
confidence bands are based on usual Gaussian asymptotics that might be a bad representation
of behavior in the samples we have. Second, while we provide evidence motivating the use
of August 2012 as a break date, one might naturally worry that that date was selected after
some snooping.

The usual econometric method to address the second concern is to use asymptotics based
on the functional central limit theorem to characterize the behavior of test statistics calcu-
lated on many dates in the sample (Andrews (1993) and Andrews and Ploberger (1994)).
Those are the baseline starting point.

Those methods, however, impose even stronger versions of the central limit theorem than
in the previous section because they effectively assume that in every nontrivial subsample
of the data (Andrews and Ploberger (1994) propose at least 15%), the mean is well approx-
imated as being normally distributed. While that is reasonable in many economic settings,
it is highly questionable in the case of options returns with only about 40 years of data.

We therefore also apply the median-based estimator of Hodges and Lehmann (1963),
which imposes weaker distributional assumptions. At the same time, it tests only for shift
in location, holding the rest of the shape of the distribution fixed, which can help increase
statistical power.

Dehling, Fried, and Wendler (2020) show how to generate p-values for the Hodges—
Lehmann estimator when the break date is unknown, as is the case here. Formally, the

assumption is that the returns process is
Ty = it + &t (1)

where p; is a variable that is constant outside of a shift at some unknown ¢ (i.e. p; = a for
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t <tand uy = b for t > t). & is a residual with an unconditional mean of zero, but its
moments may be serially correlated (e.g. it may be an ARMA or GARCH process), and in
fact the moments of ¢; (beyond the mean) need not even exist.®

Controls can be added to (1). The most natural control is the market return, in which

case we have a standard market model,
Ty =0 + Brm + & (2)

and the test is for a shift in ;. Note that even delta-hedged returns can still have nonzero
beta since they are still exposed to jumps in the underlying, which have a market component
when the jumps are asymmetrical.

The usual test for a shift in the intercept is to estimate the change in the conditional
mean of r (or r — fry,) before and after each t. However, in the presence of heavy-tailed and
skewed distributions, such a test may have both low power and poor sampling properties
since the central limit theorem will be a poor approximation for the sampling distribution
of the mean. The Hodges-Lehmann (HL) estimator is instead based on the medians before
and after each t. Under the assumption that the distribution of ¢ is stationary, an estimate
of a shift in the median also is an estimate of a shift in the mean.”

It is important to note that the assumption that the distribution of ¢, is the same before
and after the break is stronger than what is used by estimators such as Andrews (1993).
The HL estimator therefore uses weaker assumptions than the typical mean-based estimators
about the existence of moments and convergence to the normal distribution, making it more
robust to heavy tails, but at the same time it uses a stronger assumption about stationarity
of the shape of the distribution, which means that it will be less robust in the presence of
higher-order shifts in the distribution. For example, if u (and/or «) are constant over time
but the skewness of ¢ changes, that could cause the HL estimator to reject the hypothesis
of stationarity. It is therefore necessary to first test for evidence of a change in the shape of
the distribution of €. If the shape of the distribution is in fact well modeled as stationary,

then the HL estimator will gain power from imposing that assumption.

8That follows from the use of the median, which exists for all distributions. Confidence bands here come
from a central limit theorem applied to relative ranks, which are bounded between 0 and 1, instead of scaled
sums which can be unbounded.

9To be clear, the idea here is not to test whether mean or median CAPM alphas are zero, but rather
whether they shifted. The HL estimator looks for a shift in the location of the distribution of r or r — 8r,,.
When the shape of the distribution is stationary, a shift in its location corresponds exactly to a shift in its
mean.
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2.3.2 Stationarity of the residuals

To test for the stationarity of the £’s, we demean the five returns processes before and after
August 2012 and then apply the Kolmogorov—Smirnov and Cramér—von Mises tests of a
change in distribution (e.g. Darling (1957)) to the pre- and post-August/2012 samples.

Table 1 reports those results. For beta-adjusted returns (i.e. CAPM alphas) the tests
do not reject the hypothesis that the distribution of the g, is stable over time for the put,
straddle, and delta-hedged versions of each, and are generally not close to doing so. The
variance-swap series ((RV — VIXQ) /VIX?) rejects at the 5% level; however, the tests do not
reject the null for the variance-swap series that is not scaled by the VIX. That implies that
for variance swaps, the unscaled version is better suited to the HL test. In what follows, we
report both results.

For raw returns — unadjusted by the market — the 95% put and the variance-swap series
both reject significantly, while the straddle and the delta-hedged strategies do not. This is
consistent with the warning of BCJ that in general the returns are better behaved when using
delta hedging and straddles. Again, as with beta-adjusted returns, the unscaled version of
the variance swap is better behaved than the scaled version.

Overall, then, the assumption that the residuals have stable distributions over time,
required for use of the HL estimator, appears generally reasonable for the put and straddle
strategies, especially when applied to delta-hedged or market-adjusted returns. For the
scaled variance-swap series the distribution does appear to shift, which means HL results
for that strategy should be interpreted with some caution; the unscaled variance-swap series

has a more stable distribution, especially when beta-adjusted.

2.3.3 Simulation results

To validate both the Hodges-Lehmann and Andrews—Ploberger (AP; 1994) estimators here,
appendix figures A.1 and A.2 report results from two sets of simulations. Figure A.1 simulates
option returns (for the two delta-hedged series plus (RV — VIXQ), all market-adjusted; note
that we use the unscaled version of the variance swap series as it satisfies the stability
assumption required by the HL estimator) by drawing randomly from the full sample of
returns, and adding a mean shift in the second part (post August 2012) of the sample. The
x-axis varies the size of that shift as a fraction of the estimated shift from the empirical data.
It therefore examines the ability of the two estimators to detect a change in mean option
returns, holding the distribution otherwise equal.

For all three strategies, when the shift is zero (so there actually is no shift and the null

is true), figure A.1 shows that both methods reject the null at the 5% level almost exactly
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Table 1: Tests for changes in the distribution of returns

KS test CvM test
p-value  p-value
Panel A: Beta-adjusted returns

95% Put 0.50 0.60
Straddle 0.17 0.18
DH 95% Put 0.54 0.52
DH Straddle 0.72 0.86
(RV — VIX?) /VIX*  0.03 0.01
RV — VIX? (unsc.) 0.41 0.26
Panel B: Raw returns

95% Put <0.01 <0.01
Straddle 0.23 0.19
DH 95% Put 0.52 0.50
DH Straddle 0.46 0.45
(RV — VIX?) /VIX* <0.01  <0.01
RV — VIX? (unsc.) 0.10 0.12

Description: Kolmogorov—Smirnov and Cramér—von Mises two-sample tests comparing the pre- and
post-August 2012 distributions of monthly returns, after demeaning each subsample separately. Panel A
uses beta-adjusted returns (subtracting the full-sample CAPM beta times the market return); Panel B
uses raw returns. Cramér—-von Mises p-values are computed by permutation. Sample period: monthly
returns, 1987:08-2025:08, N = 457 monthly observations (pre-August 2012 N = 301; post-August 2012
N = 156). Interpretation: For beta-adjusted series, the within-subsample distribution of returns (after
demeaning) is statistically indistinguishable across the pre- and post-2012 subsamples, supporting the use
of break tests that assume distributional stability; the scaled variance-swap series is the one exception.
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5% of the time. So the tests have the correct size in the sense that if there is truly no break
in the data, the tests reject the null at the correct rate.

As the size of the shift grows, so do the rejection probabilities. For an ideal test, the
rejection probabilities jump to 1 when there truly is a shift, regardless how small. The
rejection probabilities for the HL test do in fact rise quickly, passing 50% for a shift that
is about 2/3 as large as what is observed empirically. For a shift of what we estimate
empirically, the HL test is expected to reject nearly 100% of the time for all three cases.

For the AP mean-based method, on the other hand, power is much lower. For a shift of
the size observed in the data, its probability of rejecting the null is markedly below that of
the HL test in all three cases.

Figure A.2 repeats the simulations but draws separately from the pre- and post-2012
subsamples, thus allowing for different distributions before and after 2012. The results are
similar to the previous picture, with the HL test showing correct size but much greater power
compared to AP.

Figure A.3 reports results that, instead of changing the size of the shift, change the length
of the sample, while keeping the size of the shift as large as what we estimate empirically.
The samples of varying length are obtained by drawing randomly from the full sample,
and adding the estimated shift to the second half of the simulated sample. The simulation
therefore illustrates how much data the two methods need in order to be able to consistently
detect changes of the size observed empirically. For HL, with a sample the size of the actual
data, rejection probabilities are 80-95% and they rise from there. For AP, the sample needs
to be 2-5 times larger to get similar power. Given that the sample is nearly 40 years long,
we would need up to 200 years of data for the mean-based estimator to perform as well in

this setting as the median-based estimator.

2.3.4 Empirical break test results

Table 2 reports results from three tests for a break:

1. A standard test for a shift in the mean (using heteroskedasticity-robust standard
errors) assuming a known break of August 2012

2. The HL-based test (using the sampling distribution of Dehling, Fried, and Wendler
(2020))

3. The AP exponential-Wald statistic.

For each test, it reports a p-value along with the estimated change in mean returns and

the estimated break date.l® Panel A reports results for beta-adjusted returns and panel B

10Since the Andrews—Ploberger (1994) test is based on a sum of exponential Wald statistics, the reported
break date and value are based on the date that maximizes the Wald statistic.
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raw returns. The HL estimator rejects the null of no change in all specifications, at varying
levels of significance; for beta-adjusted returns the HL estimator dates the change to the
period 2006-2010. Additionally, comparing the results here to those in figures 2 and 3, the
estimated magnitude of the change in each case is similar.

The fixed-date Wald test gives broadly consistent results. For beta-adjusted returns it
rejects the null at the 10% level or stronger for the straddle, the delta-hedged 95% put, the
delta-hedged straddle, and the (preferred) unscaled variance swap. It does not reject for the
95% put, and is marginal for the scaled variance-swap. As before, the test is strongest for
delta-hedged and market-adjusted strategies, consistent with BCJ.

Finally, the AP exp-Wald statistic is the weakest of the three statistically, consistent with
the simulations. Even though the estimated mean shifts have very similar magnitudes to the
estimates from the other two methods, the AP p-values are larger, especially compared to
the HL statistic. After adjusting for market beta, the AP test rejects at the 5% level for the
straddle and the delta-hedged straddle and at the 10% level for the delta-hedged 95% put.
The 95% put and variance-swap series are not statistically significant under AP.

The lower significance of the AP results is consistent with the simulation results finding
that that test has low power in samples of our size for changes of the magnitude observed
empirically. The more powerful HL test, on the other hand, finds clear evidence of a change,
consistent with what is visible from the cumulative returns in figure 1. Beyond the specific
findings on option returns, the results here suggest that the HL test may be an attractive
alternative to AP for break tests in future work.

External appendix 1 shows that the results are robust to scaling returns by the level of
the underlying instead of by the initial option price. External appendix 2 shows that the
results extend across a range of strikes from 10% below the level of the underlying index to
2% above, for both unhedged and delta-hedged returns.!!

2.4 Summary

This section contains the paper’s main empirical results. It replicates the well known findings
that for the first few decades of their existence, S&P 500 index options appear to have
been overpriced in the sense that they had large negative CAPM alphas and mean returns.
However, since 2012 there is no longer evidence for such behavior. The change in returns
itself is statistically significant according to most (though certainly not all) of the estimators

we study.

"That range is similar to what is chosen by BCJ and we use it both for consistency and because that is
where there is most consistently liquidity through the full sample.
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Table 2: Break tests for option strategy returns

Change p-value Date

Panel A: Beta-adjusted returns

Fixed date  0.2307 0.337 8/2012
95% Put HL 0.3378 0.076 4/2009
Andrews 0.3376 0.352 1/2008

Fixed date  0.1787 0.026 8/2012
Straddle HL 0.1948 0.044 1/2010
Andrews 0.1958 0.041 3/2010

Fixed date  0.1964 0.059 8/2012
DH 95% Put HL 0.2515 <0.001  3/2007
Andrews 0.2515 0.071 3/2007

Fixed date  0.0969 <0.001 8/2012
DH Straddle HL 0.0813 0.001 2/2007
Andrews 0.0981 0.007  11/2012

Fixed date  0.2477 0.105 8/2012
RV — VIX? HL 0.2324 <0.001  8/2006
Andrews 0.2569  0.161  3/2009

Fixed date  0.0093 0.074 8/2012
RV — VIX? (unsc.) HL 0.0080 0.007 9/2010
Andrews 0.0096 0.347  12/2012

Panel B: Raw returns

Fixed date 0.0166 0.956 8/2012
95% Put HL -4.0137 <0.001 1/1988
Andrews 0.2802 0.822 8/1998

Fixed date 0.1565 0.059 8/2012
Straddle HL 0.1716 0.098 1/2010
Andrews 0.1631 0.072  10/2005

Fixed date 0.1585 0.149 8/2012
DH 95% Put HL 0.2334 <0.001  3/2007
Andrews 0.2334 0.156 3/2007

Fixed date  0.0814 0.011 8/2012
DH Straddle HL 0.0632 0.014  10/2004
Andrews 0.0832  0.057  11/2012

Fixed date  0.1488 0.411 8/2012
RV — VIX? HL 0.1442 0.003 8/1998
Andrews 0.1922 0.504 3/2007

Fixed date  0.0044 0.500 8/2012
RV — VIX? (unsc.) HL -0.3386  0.019  12/1987
Andrews 0.0046 1.000 2/2013

Description: Each panel reports results from three break tests for each of the five strategies, with
returns scaled by the initial option price ((RVt — VIXffl) JVIXZ | for the variance-swap series). Fized
date is a Wald test (HC-robust) for a shift in the mean at the known break date of August 2012. HL is the
Hodges—Lehmann test of Dehling, Fried, and Wendler (2020), which estimates the break date endogenously.
AP is the Andrews—Ploberger (1994) exponential-Wald statistic. “Change” is the estimated shift in the
monthly mean return. “Date” is the estimated or assumed break date. Panel A uses beta-adjusted returns
(subtracting the full-sample CAPM beta times the market return); Panel B uses raw returns. Sample
period: monthly returns, 1987:08-2025:08, N = 43§ monthly observations. Interpretation: The HL
test, the most powerful in our setting, rejects the null of no break for every strategy at conventional
levels and dates the change to 2006-2010 for beta-adjusted returns; the fixed-date and AP tests deliver
broadly consistent point estimates of the change but with weaker statistical significance, in line with the
<miilatione



That said, both the initial findings on option returns from the 1990’s and ours for the
post-2012 period are based on samples that are economically relatively short. Things change,
and nothing here is about forecasting the future. The point is simply that the evidence that
the literature has relied on in driving the conventional wisdom that options are overpriced

and that there is a clear and significant variance risk premium (in the sense of an alpha on
(RV — VIX?)/VIX?) has dissipated.

3 The decline of option overpricing and the role of in-

termediaries

This section presents a heterogeneous agent model that can help rationalize the empirical
findings from the previous section — a negative CAPM alpha prior to about 2012 that has

now shifted close to zero.

3.1 Model setup

The model has three types of agents: two types of retail investors plus a small set of inter-
mediaries.

In order to model frictions in trade, we consider an overlapping-generations model in
which retail investors can only trade equity and options at birth. The lives of the investors
will be calibrated to be equal to the maturity of options. In that sense, these agents can be
thought of as making myopic portfolio decisions and rebalancing once per month.

There are two types of retail investors, indexed by ¢. They both live for J 4 1 peri-
ods, consume in each period, and have a bequest motive. They differ in how their effective
risk aversion varies over time. The retail agents represent those who face investment fric-
tions, which could, more generally, include pensions, insurance companies, or other managed
investments that face constraints on trading options.

There is also a set of “dealers” or market makers — more generally, financial intermediaries
— that have infinitesimal wealth relative to retail investors, but are unrestricted in their
trading. Their wealth is sufficiently small that their supply curve for options is effectively

vertical — take it to have slope 1/¢ for some very small e.

3.1.1 Budget constraints

The budget constraint in the first period of an agent’s life is
Cigs+ Bigy+ P Xy + P20y = PY (3)
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where C; ;; is consumption on date ¢ of an agent of type ¢ with j periods remaining to live,
B; j+ measures their holdings of riskless bonds, and PtX X+ and PtOOM are their purchases
or sales of equity and J-period options, respectively (these do not take j subscripts because
equity and options can only be traded at birth). The right-hand side represents the agent’s
endowment — agents of all types are born with a unit allocation of equity.

In periods after their birth, when agents have 0 < j < J periods left to live, they receive

dividends, trade bonds, and consume subject to the constraint
Cijt+ Biji = DX (—j) + RfBi,j—l-l,t—l (4)

where RP is the risk-free rate from date t — 1 to ¢ and D is the dividend paid by equity on
date t.

Terminal wealth is then
Wiv =Xy (P +Dy) + 05—y X? + RPBiy (5)
where X is the payoff of a J-period option on date t.

3.1.2 Retail agents’ objective

The retail agents have log utility over consumption. On the day they are born their objective
is
J—1

max EZ log C@J’t + Z ﬁk log Cz‘,J—k,t+k —+ ﬁJ log (C@o’t+‘]) (6)
k=1
where E! is the expectation operator on date t for agents of type i.
Since the agent has log utility, the consumption-wealth ratio is constant. We therefore

model terminal consumption as

Ci

Ci,U,t = PX
t

Wi (7)

where PtX is the wealth of an agent born on date ¢, so that C; ;;/ PtX is the consump-
tion/wealth ratio of new agents of type i. Intuitively, this is just a way to capture a bequest
motive, or, more realistically, the marginal utility of wealth at date ¢t + J when the agent is
able to reoptimize.

In general log utility does not generate realistically large risk premia. We therefore modify
the expectation operator to make agents pessimistic over the distribution of shocks. That
pessimism can be thought of as a reduced-form for risk or ambiguity aversion, or simply

as behavioral. To generate demand for options, we additionally assume that the pessimism
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(which determines effective risk aversion) varies over time.'? Specifically, in the model there

will be a single fundamental shock ¢, ~ N (0,1), and on date t, type-i agents believe that

g1~ N (—pig, 1) (8)
Piv = Opig—1+ (1 — @)+ Krigy (9)

i determines average pessimism (and hence the equity premium). Type i’s pessimism is

procyclical when k; > 0 and countercyclical for x; < 0.

3.1.3 Option specification

For both tractability and simplicity, we model options as quadratic contracts on equity, with

payoff

J-1 2
X0 - (Hmj—l) (10
X
where Ry, = ——— (11)

A quadratic contract is equivalent to a particular portfolio of options (Bakshi and Madan
(2000)). On any given date, its exposure to the underlying is proportional to the cumulative
return since inception. That is why it plays a role for investors in the model. Following
positive equity returns, agents with countercyclical pessimism are relatively more optimistic
about future returns, increasing their desired allocation to equities. Since they cannot change
their exposure after their first period of life, the option is valuable to them for inducing that
dynamic reallocation automatically. Agents with countercyclical pessimism will thus tend
to demand options, while those with procyclical pessimism (intuitively, agents who think
returns show mean reversion rather than momentum) will tend to supply options. Options
are valuable because they allow agents to trade on differences of opinion about the persistence

of returns.

3.2 Calibration and solution

The equilibrium concept is standard:

Definition 1 An equilibrium is a set of processes for prices, {PtX, PP, Rf}}, and the agents’

12Similar to the habit formation of Campbell and Cochrane (1999), or the endogenous time-varying pes-
simism in Bidder and Dew-Becker (2016) and Maenhout, Vedolin, and Xing (2025), among many others.

19



demands, {C; j+, Bijt, Xit, Oit}, such that markets clear,

Zi Xip = Zz 1, Zz Oi¢ =0, Zz Zj:l B;ji =0
and agents mazimize (6).

The assumption here is that the intermediaries are so small that they effectively cannot
bear any meaningful amount of options exposure relative to households.!?

The model is calibrated to the weekly frequency. Since it is meant to match behavior
of monthly options, that implies J = 3. log D; is set to be a Gaussian random walk with
innovations that have a standard deviation of 15%/+/52 to match the volatility of aggregate
stock returns. We set n = %\/W to generate an annualized Sharpe ratio for equities
of about 1/2 (the additional risk aversion from log utility makes it slightly higher). We
set ¢ = 0.79, so that pessimism has a half-life of one month. x for the procyclical and
countercyclical agent are set to :tﬁ\/m , which implies that the unconditional standard
deviation of pessimism is equal to its mean, and the two types of agents are assumed to
have equal mass (and hence equal initial wealth).!* Finally, the rate of time preference is
calibrated to 5% per year in order to generate a plausible risk-free interest rate.

We numerically approximate the model’s solution with a fourth-order perturbation using

Dynare.!?

3.3 Results
3.3.1 Equity and option returns

We analyze two regimes for the model: one in which retail investors may buy but not sell
options, and a second in which they are free to both buy and sell. When agents can buy but
not sell, O;; > 0 for all 7, meaning that O, in fact must equal zero in equilibrium. The shift
across the two regimes is meant to capture the decline over time in the frictions that retail
investors face in trading options.

In the early regime, when retail can buy but not sell options, the market clearing price

is the one such that the maximum option demand across all retail investors is equal to zero

13The aggregate financial wealth of US households is currently about $143 trillion, while the financial
assets of broker/dealers (which are almost entirely not derivatives) are only $6.3 trillion (from the Financial
Accounts of the United States).

14Because the agents can only trade equity at birth and because the wealth of the two types is equal at
birth, wealth reallocations in subsequent periods of life have no impact on equity prices, even though they
do affect consumption.

15Tn order to regularize the problem so the numerical solution is well behaved, we add small quadratic
investment costs for bonds and options which are then refunded lump-sum to the households.
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(some agents may have negative demand — they would like to sell but cannot). When they
can both buy and sell, we look for the standard market-clearing price.

Table 3 reports simulation results for Sharpe and information ratios. The first pair of
columns report results for the heterogeneous-agent version of the model where the pessimism
of one agent is countercyclical and the other procyclical. Column 1 corresponds to the
frictional (early) and column 2 the frictionless (late) regime. Across the two columns, the
Sharpe ratio of equities is the same, since options do not change the total equity risk that
must be borne. In the frictional regime, traded options are “overpriced”, causing them to
earn significant negative Sharpe and information ratios, with and without delta hedging.

In the frictionless regime, on the other hand, the options premium goes away. When
retail investors can both buy and sell options, then the agents with procyclical pessimism
— who trade as though they believe returns are mean-reverting — sell options to the agents

with countercyclical pessimism — who trade as though they believe returns are persistent.

3.3.2 Returns on the delta hedge

The fact that options earn negative returns with and without hedging implies that the delta
hedge — which is designed to mimic an option return as well as possible — must not earn
nonzero returns (and alphas). Table 3 reports average returns for the hedge itself, and that
is exactly what we see.

To understand the difference in the returns on options and the delta hedge, the first thing
to note is that the delta hedge is a dynamic strategy on the underlying, and in particular
it is a momentum trade. Specifically, the delta hedge invests an amount in the underlying
equal to the option’s local exposure, so it is a first-order and hence local hedge. It will have
errors when there are jumps in the underlying, when the hedge is not adjusted continuously
(which it is not in practice or in the model, which is in discrete time) and when option prices
are driven by factors unspanned by the level of the underlying (such as unspanned shocks to
volatility).

For both puts and calls (and a quadratic contract), the option delta rises when the value
of the underlying rises and falls when it falls. The delta hedge for long options positions is
therefore a type of momentum trade. Since effective risk aversion is constant in the model,
the equity premium is also constant and a dynamic strategy like that cannot outperform the
market. That is what is observed in table 3.

The key driver in the frictional regime is that options, unlike equity, are not priced by
the average agent. Instead, their price is driven by the demand of the investors who most
want to purchase options. The price that sets the demand of those investors to zero is higher

than the delta hedge price. That is precisely because these investors cannot perform the
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dynamic replication on their own.

Overall, the first two columns qualitatively match the empirical results reported so far:
there is an early frictional regime in which traded options (both alone and delta-hedged)
earn significant negative risk premia and a later period in which that premium disappears.

As a check on the mechanism, the second pair of columns reports results for a version
of the model with homogeneous agents with countercyclical pessimism. Since the agents are
identical, it is irrelevant whether they can trade or not, so the two columns are identical.
As in the heterogeneous case with restricted trade, options again earn negative returns.
Intuitively, this is because the agents who effectively drive the price of options in the first
column — the countercyclical agents with high option demand — are identical to the agents in
the homogeneous case. The difference here, though, is that now delta-hedged options do not
earn a negative premium, precisely because now option prices reflect the preferences of the
average investor, who in this case demand options. The returns on the delta-hedged options

therefore reject the single-agent version of the model.

Table 3: Model results

Heterogeneous Homogeneous

Early  Late Early Late
Equity SR 0.65 0.65 0.67  0.67
Traded option SR -0.22  0.00 -0.22  -0.22
Hedge leg SR 0.00 0.00 -0.28  -0.28
Delta-hedged option SR -0.37  0.00 0.09  0.09
Traded option IR -0.29  -0.06 -0.29  -0.29
Hedge leg IR -0.07  -0.07 -0.35 -0.35
Delta-hedged option IR -0.37  0.01 0.09  0.09
Corr(option,hedge) 0.81 081 077 0.77

Description: Table reports various statistics from the calibrated model under two regimes: “Hetero-
geneous” (intermediaries and investors have different marginal utilities; pre/post-frictions early and late
columns) and “Homogeneous” (single representative agent benchmark). SR is the Sharpe ratio and IR is
the information ratio. Interpretation: Under the heterogeneous model, the negative Sharpe and infor-
mation ratios on traded and delta-hedged options vanish in the late period, exactly as in the data; under
the homogeneous benchmark, the implied premia are unchanged across regimes.
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3.4 Empirical implications and tests of the model
3.4.1 Returns on the delta hedge

A key prediction of the model is that the delta hedge should have a CAPM alpha of zero.
The fact that the alphas for options and delta-hedged options discussed in section 2.2 are
similar immediately implies that the delta hedge must have an alpha of zero.

Typically a delta hedge is constructed based on a model-implied delta that takes as
an input the option price (along with the level of the underlying). A key input in that
computation is the option-implied volatility (which is just a transformation of the option
price). While that is not available before options were traded, we can simply use instead a
forecast of volatility, which turns out to produce economically similar results.

Figure 4 plots the information ratio of the delta hedge on a rolling 10-year basis. Be-
fore traded options are available, the series is constructed from synthetic straddles going
back to 1926; once implied volatilities from traded options are available, the series uses the
actual delta-hedge replication. It also plots the information ratio for traded straddles them-
selves, over the period since 1987 (so that the first 10-year observation is in 1997). From
this perspective, there has been an extended period where traded straddles earned strongly
negative returns, much more negative than the delta hedge, but the traded straddles have

now converged to the delta hedge.

3.4.2 Intermediary gamma exposure and option returns

As noted above, intermediaries here are assumed to be small, with a supply curve with some
(very large) slope 1/e, which implies that in the frictional regime when there is net demand
from retail investors, the dealers will be short options, while in the frictionless regime their
net position will shift to zero. The model therefore implies that dealers’ net positions should
have moved to zero when option returns did.

We measure intermediaries’ net option exposure by their total SPX options gamma. In
the model, that is exactly the correct measure, since the quadratic contract in the model
has constant (positive) gamma. More generally, gamma measures the local convexity of
their position, which locally measures optionality. Using gamma allows us to put options
with different strikes and maturity into consistent units and is common in the literature
(e.g. Garleanu, Pedersen, and Poteshman (2008), Barbon and Buraschi (2021), and Ni et al.
(2021)).

Figure 5 plots net dealer S&P 500 gamma over the period 1996-2025, constructed using
the CBOE open-close data.'¢

16This is the same dataset used in the previous literature on option frictions, e.g. Garleanu, Pedersen, and
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Figure 4: Rolling 10-year information ratios: traded straddle and delta hedge

10-year rolling IR
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Traded straddle =~ = Synthetic straddle / delta hedge

Description: Rolling 10-year CAPM information ratios for the traded ATM straddle (maroon) and the
delta-hedge replicating portfolio (navy), with returns scaled by the initial option price. The replicating
portfolio is constructed using implied volatilities from traded options starting when they are available
(delta-hedge), and using forecasted volatilities before then (synthetic straddles). The first point in the
figure using IVs is 1997:07, using the 10-years since 1987:08 to compute the IR. For each series, market
betas are estimated using the full sample available and used to compute beta-adjusted returns; information
ratios are the ratio of the rolling 10-year mean to the rolling 10-year standard deviation of beta-adjusted
returns, annualized. Sample period and observations: synthetic ATM straddles are computed from daily
S&P 500 returns from December 1926 through August 2025 (N = 1,189 monthly end-of-month rolling-
window observations, of which the first valid 10-year window ends in December 1936); traded ATM straddle
returns are monthly from 1987:08 through 2025:08 (N = 457, with the rolling 10-year IR available from
1997:07 onwards, N = 339 rolling-window points). Interpretation: The two information ratios were
sharply negative through the early 2010s but have converged toward zero in recent years; the long synthetic
series shows that the delta-hedge replicating portfolio never had consistently negative average alphas since
1926.
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Dealer gamma was significantly negative, as has been noted widely in previous work, until
around the global financial crisis. However, since the GFC, net dealer gamma has trended to
zero or even positive. The timing of that switch is highly similar to the timing of the shift in
the premium on options. As discussed above, we take August 2012 as the time of the break
because it is the last month where the centered 12-month moving average of dealer gamma
was negative. The specific timing of the date is not central, and obviously there is no clear
one-time break. Indeed some of the tests in table 2 date the break to 2008 or 2010, which
both also could plausibly represent the shift point in dealer gamma. The aim is simply to
find a date that represents the point where dealer gamma was no longer negative in the way

that it was in the early parts of the sample.

Table 4: Dealer gamma and option risk premia (ATM straddle)

Straddle Hedge leg Delta-hedged straddle

Dealer net gamma 0.44 -0.31 0.61%*
(0.87) (0.83) (0.28)
Spot-future basis volatility —-2.12%** -1.07 -1.03%%*
0.78)  (0.76) (0.28)

Description: Table reports the coefficient of a regression of information ratios (annualized rolling beta-
hedged means scaled by rolling residual standard deviations) of traded ATM straddles, the delta-hedge
leg, and delta-hedged ATM straddles (with returns scaled by the initial option price) on the lagged net
gamma of dealers and on the lagged volatility of the spot-future basis. Both regressors are filtered through
an exponentially-weighted moving average. Estimation is by maximum likelihood with a Student-t error
distribution to limit the influence of outliers; standard errors are in parentheses (*, ** *** denote sig-
nificance at 10%, 5%, 1%). Sample period: monthly, 1996:01-2025:08, N = 356 monthly observations.
Interpretation: The information ratio of the delta-hedged straddle loads positively and significantly on
lagged net dealer gamma, exactly as predicted by the model: as dealers’ net gamma rose toward zero,
the delta-hedged option premium also rose toward zero. Information ratios of traded and delta-hedged
straddles also load negatively on the lagged volatility of the spot—futures basis, consistent with basis risk
being an additional friction priced into options.

To further understand the implications of the changes in dealer positions, table 4 reports
the coefficients from a regression of straddle information ratios onto lagged dealer gamma
(exponentially-weighted to remove the very high-frequency fluctuations). To reduce the

influence of outliers, the estimation is performed via maximum likelihood with a student-t

Poteshman (2008), as well as Chen, Joslin and Ni (2019) and Constantinides and Lian (2015). The dataset
classifies, for each option, the total daily buy and sell orders by type of entity (customer, firm, and broker
dealer). We compute the total gamma bought and sold each day by intermediaries (defined, as in Garleanu,
Pedersen, and Poteshman (2008), as entities that are neither customers or firms) by combining this data
with the gamma of each option from Optionmetrics. We use options with 10 to 180 days maturity.

25



error distribution, but results are similar using OLS regression. The table shows that the
delta-hedged straddle information ratio loads positively on the intermediaries’ net gamma, as
predicted by the model: as intermediaries started bearing less risk over time (gamma became
less negative), the delta-hedged straddle alpha became less negative as well (generating a
positive coefficient in this regression). This table therefore provides direct evidence in support

of the model presented in this section.

3.4.3 Additional potential drivers of option premia from a richer model

The analysis so far simply uses dealer positions as a way to measure asymmetry in retail
options demand under the assumption that the dealers’ supply curve is effectively vertical
at zero. However, there is a literature following Garleanu, Pedersen, and Poteshman (GPP;
2008) that takes the opposite approach — it treats the excess demand from retail investors
as exogenous and instead focuses on the determinants of the slope of dealers’ supply curve.

In order to generate further implications of excess retail options demand that we can
take to the data, appendix B extends GPP’s model to add three additional realistic frictions
that dealers may face: unspanned risk, basis risk, and hedging costs (see proposition 2).
Unspanned risk is any risk left after discrete hedging with the underlying (e.g. jump risk and
unspanned volatility). Basis risk represents the deviation between the hedging instrument —
e.g. S&P 500 futures — and the actual underlying index. And hedging costs represent the
cost to dealers due to the actual cost of synthesizing a hedge, such as transaction costs or
price pressure. Figure 6 examines how each of these may have changed over time.

In the GPP model, all three of those factors increase the price that dealers demand in
order to supply options. Changes in those frictions over time are therefore another possible
explanation of the decline in the overpricing of options.

The top two panels of figure 6 show that trading costs, measured both by posted and
effective spreads (Roll (1984)) declined as option premia shrunk. So, in addition to dealers
bearing less option risk over time, they also pay smaller costs to hedge the risk they do bear.

We measure basis risk empirically from the gap between the level of the S&P 500 index
and the futures price. The middle-left panel of figure 6 plots the three-month rolling standard
deviation of that gap. The y-axis is again on a log;g scale. Over time, basis risk has fallen
by about an order of magnitude. While there is a large decline early in the sample, similar
to trading frictions, basis risk seems to settle at its current level around the early 2000’s.

Finally, figure 6 plots three measures of unhedgeable risk. The first is the 10-year rolling
standard deviation of the delta-hedged ATM straddle return —i.e., the difference between the
traded straddle return and the synthetic straddle return, which measures the gap between

the return on the option and the hedge. It shows no clear trend, particularly once the
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1987 crash is no longer included in the moving average. Second, following Bollerslev et al.
(2009), figure 6 plots the difference between quadratic and bipower variation, which is a
measure of realized jump variation. It rose during the 2008 financial crisis, and has been
lower subsequently, but again does not have a clear trend. Finally, unhedgeable risk is, more
broadly, driven by higher moments in returns, so the bottom-right panel of figure 6 plots
the measure of S&P 500 return skewness developed in Neuberger (2012). Realized skewness
has, over time, trended consistently more negative (implied skewness does the same; see the
CBOE’s SKEW index and Dew-Becker (2024)). So if higher moments drove the options
premium, it should have grown instead of shrunk over time. The decline that we observe in
the overpricing of options cannot be driven by declines in jump or higher moment risk, as
measured here, since none of those sources of risk have declined. Instead, consistent with
the model, the decline in the premium can be driven by a reduction in how much of this risk
is borne by intermediaries, and in the frictions they face.

Overall, figure 6 shows that hedging costs and basis risk have declined — indicating a
reduction in frictions faced by intermediaries — while unhedgeable risk does not appear to
have shrunk.

The second row of table 4 shows that information ratios of traded straddles and of
delta-hedged straddles both moved negatively relative to basis risk, measured as the lagged
exponentially-weighted average of the standard deviation of the basis pictured above: as the
basis on average became less volatile over time, traded and delta-hedged straddle information

ratios became less negative, again in line with the predictions of the theory.

4 Broader implications

This section discusses three additional aspects of the results: their relationship with changes
over time in performance of other investment strategies; implications for portfolio choice;

and implications for the magnitude of the variance risk premium.

4.1 The variance risk premium

The most direct implication of the results is that the variance risk premium has declined.
That is really the literal interpretation of the results using the VIX portfolio as a synthetic
variance swap. They say that the gap between realized and implied variance has shrunk.

To quantify that, consider a simple CAPM type regression:

(RV, — VIX} ) /VIX} | = av1 + BrvTms + & (12)
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where RV, here is realized variance and 7, ; is the market return, and the dependent variable
is the variance-swap return per dollar invested. The top panel of figure 7 decomposes rolling
10-year averages of (R\/t — VIXf_l) /VIX? | into contributions coming from Bry7,; and
ay_1 + €. Since €; has a conditional mean of zero by definition, we refer to the average of
ay_1 + €4 as just the rolling alpha.

Not surprisingly, the beta component of (RVt — VIXf_l) /VIX? | has been fairly stable
over time, whereas there has been a huge shift in the alpha component, to the point that
it is now close to zero. To see what that implies for the relationship between the VIX and
realized volatility, suppose annual realized variance is (15%)2. Inserting the first rolling 10-
year mean for (RVt — VIXf_l) /VIX? |, the corresponding average VIX would be 18.7. That
is, the VIX overstates realized volatility by 25%. But with the alpha near zero in the final
rolling 10-year window, the corresponding value of the VIX is only 16.4, overstating volatility
instead by only 10%. In other words, just from the decline in the variance risk premium, we
would expect the VIX to now average 2.2 points lower than in the period when there was a
large variance risk premium.

A simpler way to see that is to simply compare the VIX to realized volatility, which the
bottom panel of figure 7 does. It plots rolling 10-year averages of the VIX against the rolling
10-year standard deviation of market returns. There will be a slight bias down in the realized
standard deviation since it is a square root of a sample statistic. Nevertheless, what we see
is not just that the gap between the two series has shrunk, but that it has actually been
near zero for 17 years now. The VIX over the past 17 years has been nearly an unbiased
predictor of realized volatility in the S&P 500, at least on average.

These results are consistent with those in Heston, Jacobs, and Kim (2022), who also find
that there is a negative variance risk premium, but that it cannot be distinguished from

simple market (beta) risk.'”

4.2 Declining factor premia

On some level, finding that a factor risk premium has declined is possibly the least surprising
outcome. In addition to the well known evidence that individual predictive relationships tend
to underperform out of sample (McLean and Pontiff (2016), Linnainmaa and Roberts (2018),
and Marrow and Nagel (2024), among many others), Green, Hand, and Zhang (2017) and
Chen and Velikov (2023) also show that broad averages of equity risk factors have also
significantly declined in performance since the early 2000’s. A simple exercise is to just

download data from Kenneth French on the most prominent equity anomalies — size, value

17See also Gao, He, and Hu (2026), who show that demand-driven variation in firm-level IVs has declined
over time.

28



and momentum — and note that none of the three has had positive returns in over 20 years
at this point.

The fact that the premia on these other strategies decline approximately contempora-
neously with those for options is telling. Agarwal and Naik (2004) and Jurek and Stafford
(2015), among others, provide evidence that hedge fund strategies are in the end very similar
to simple S&P 500 put selling. At the same time, value and momentum, among other strate-
gies, are known to have been important strategies for quantitative equity hedge funds (Akbas
et al. (2015) and Chen, Da, and Huang (2019)). The rise in hedge funds, as measured by
their assets under management, is approximately contemporaneous with the decline in these
anomalies (e.g. see Chordia, Subrahmanyam, and Tong (2014) and Hanson and Sunderam
(2014)).

Figure 8 plots cumulative returns on the beta-hedged short delta-hedged ATM straddle,
value, momentum, and currency carry.!® All four series visibly flatten out — due to the

monthly returns moving to zero — in the early 2000’s.

4.3 Portfolio construction

Driessen and Maenhout (2007) analyze the benefits to portfolio optimization from giving an
investor access to options strategies (see also Santa-Clara and Saretto (2009)). Their data is
for 1987-2001, the main period in which options premia were large. They find Sharpe ratios
ranging from -0.2 to -0.4, but do not report betas or alphas, which are what is relevant when
considering adding options to a position in just the market. That said, straddles have a
beta fairly close to zero, so their Sharpe ratio is reasonably close to the information ratio.
Driessen and Maenhout (2007) find a Sharpe ratio for straddles of -0.21, whereas we find
-0.74 over the same sample. Subsequent to 2001, though, the Sharpe ratio of straddles in
our data is -0.09, and after 2012 it is +0.12. The alpha also shifts from negative to positive.

Depending on the coefficient of relative risk aversion, Driessen and Maenhout (2007) find
that a CRRA investor would put a weight of up to -0.58 (-0.47 for a log investor) on at-the-
money straddles in their calibration of the returns process. If straddles now have an alpha
of zero, then their weight will be approximately zero (precisely zero for a mean-variance
optimizer), and if the alpha is actually positive, the weight will likely be positive (again,
that is guaranteed for a mean-variance optimizer).

Part of the reason to focus on alphas is that they determine portfolio exposures for mean-
variance optimizers. The past literature finding a large variance risk premium was important

partly because it had major implications for portfolio choice. The large VRP implied that

8Value and momentum are from Ken French and currency carry from AQR
(https://www.aqr.com/Insights/Datasets/Century-of-Factor-Premia-Monthly).
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investors would get a huge benefit from being short volatility (e.g. by selling straddles). And
in fact there was a large growth in short volatility exchange traded products. If the alpha
on volatility is now zero, those products no longer have a role to play in a typical investor’s

portfolio.

5 Conclusion

The conventional wisdom in asset pricing is that there is a large variance risk premium for
the S&P 500 — larger than can be accounted for by exposure to the market alone, and that
options earn large negative alphas because they are exposed to volatility and jump risk. This
paper replicates past findings that options historically earned negative returns and CAPM
alphas, but since around 2012 there is no longer evidence for those negative premia.

Though the paper does not go into great depth on the theory side, it does offer an
explanation, which is that the decline in SPX options premia can be explained by declining
asymmetry in dealer portfolios and the hedging costs they face.

More broadly, though, the disappearance of option premia occurred contemporaneously
with the decline in many other major anomalies in asset prices. In that sense, the results
documented here should perhaps not be puzzling at all — they are just one more example
of the performance of a trading strategy decaying after it is announced in a finance journal.
That is a good thing: markets are getting more efficient. At a deep level, the implication
of the results is that now it is much less expensive for investors to hedge deep losses in the

aggregate stock market than it used to be.
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A Simulation results for break tests

B Theoretical results for a richer intermediary model

This section studies a simple extension of the model of Garleanu, Pedersen, and Poteshman
(GPP; 2008) to help clarify how various frictions can affect option prices when markets
are segmented. The only addition to their framework is to allow for transaction costs and

index-futures basis risk.

B.1 Setup

The dealers in GPP are assumed to have time-additive CARA preferences over consumption
with risk aversion . There is a constant gross risk-free rate Ry. The underlying index
has an exogenous excess return R/ ;. We consider a simplified version of the model where
there is a single option traded that has some price P,. Its excess dollar payoff is then
RZ., = Piy1 — Ry P,

The key equation in the model is the dynamic budget constraint,
K
Wip1 = (W — Cy) Ry + DR, + F,RY,, — §Ff (13)

W, is wealth and C; consumption. The risk-free rate, Ry is constant for simplicity, RtF+1 is
the excess payoff on index futures, and RtOJrl is the excess dollar payoff on the options. The
dealers endogenously choose consumption and the allocations to derivatives and futures Dy
and F}, respectively.

We add two frictions: a quadratic trading cost, gFf, and a wedge between the futures

payoff, Rf,,, and the underlying index return, R},
RtF+1 = Rtl+1 + 241 (14)

zy11 represents basis risk. Ideally the dealers would like to hedge the options they trade with
the underlying, like the S&P 500. But the S&P 500 is not itself directly tradable (except at
significant cost by buying 500 stocks). Instead, dealers must buy futures (or ETFs or other
instruments) whose price is not guaranteed to perfectly track the index. z;; captures the

risk associated with imperfect tracking.'®

19The S&P 500 index is the underlying for CBOE options, but not CME futures options. For the futures
options, an interpretation of basis risk would be that intermediaries price options based on a model for the
underlying, meaning that deviations of the futures price from the index create risk.
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While the dealers choose D;, markets must clear, meaning that in equilibrium their
choice of D; must perfectly offset the demand from retail investors, which GPP take to be
exogenous.

Dealers/intermediaries maximize discounted utility over consumption Cy,
EY ) (=771 exp (—7Cisy) (15)
j=0

subject to a transversality condition and budget constraint, which is
K
Wi = (Wy — Cy) Ry + DyRY, + FyR), — §Ff (16)

where W, is wealth. The intermediaries optimize over Dy, F}, and C; subject to the budget
constraint and taking the returns as given.

It is assumed that the futures contract on the underlying that the dealers trade is available
in infinite supply. For the options, there is some exogenous demand from outside investors,

d;, and the market clearing condition is D; + d; = 0.

B.2 Predictions

In the model, intermediaries hedge their options each period with a position in the underly-
ing. The optimal position, in the absence of any frictions, is denoted by 3! (which is simply
the local sensitivity of option payoffs to the underlying index). The unhedgeable risk is
defined as

‘752,1& = var{ (RtOJrl - ﬁtIR{H) (17)

where var{ is a variance taken under the intermediaries’ pricing measure d based on date-t

information.

The model’s key prediction is for the sensitivity of option prices, P°, to demand:

Proposition 2 Up to first order in the transaction cost k and the indez-futures basis risk

Vartd (Ze41),

oPP v(Ry—1 2 K 2
e T R CI | T R
dD; i —~~ S ~- . Ly
Unhedgeable risk Basis risk —

Imperfect hedging

The sensitivity is proportional to risk aversion, v, and has three terms.
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The first component, az’t, is the unhedgeable risk from (17). Dealers hedge by taking

positions exposed to the underlying, but since options have nonlinear exposure, that hedge is
inevitably imperfect, due to discrete hedging, jumps, and unspanned volatility. The synthetic
options studied in our empirical analysis exactly map into the hedge that the dealers use
here — they are updated discretely and inherit risk from deviations between the discrete
replication and the traded option payoff.

The second term represents basis risk. When there are larger random gaps between the
hedging instrument and the true underlying index, dealers face greater risk and thus demand
larger premia. Finally, the third term arises due to the quadratic trading cost, s, which causes
dealers to hedge incompletely, further raising their risk from holding derivatives.

In the context of the general theoretical analysis in section 3, this is a model in which
traded options are not priced by the marginal utility of retail equity investors, but instead by
that of dealers. And the exogenous option demand, since it must be borne only by dealers,

drives option prices up, creating negative CAPM alphas.

B.3 Proof of proposition 2

Lemma 3 In this model, assets are priced under a probability measure d which is equal to

the measure P multiplied by the factor Ete[’; i;zf%/% jf((}itiz;x;(i)f))))]' In addition,

kF, = E![RI)] (19)
b = R;'E[Py, (20)

where Py is the price of the option (equivalently, 0 = Engrl .

Proof. The value function and budget constraint satisfy

Vi = CHngF —’Yfl exp (—=Cy) + pEiVi (21)
K
Wt+1 — (Wt - Ct> Rf + Dt (Pt+1 - prt) + FthIjrl - EFtZ (22)

Now guess that
V,=—ktexp (—k (W, +GY))

for some variable GG; that is exogenous to the dealers, and where

Ry—1

k
Ry
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We have

G,
= - 24
aWtVt kVy (24)
AW,
andﬁ —Ry (25)

So then the FOC for consumption under this guess is

0 = exp (_VCt) + kaPEtVtH (26)
Noting that
Vi = = texp(—Ch) + pE Vi (27)
pEViy = Vi+y  exp(—Ch) (28)
We have
exp (—7Cy) = exp (—k (W; + Gy)) (29)

Now consider the FOC with respect to F;. First,

dw,
y ﬁt}H = R, — KF, (30)
And hence the FOC is
0 = pE [exp(—k (W1 + Gin1)) (R — £F)] (31)
kFy, = E}[R;] (32)

where F4 is the expectation under the dealers’ pricing measure, which is the physical measure

distorted by the factor
exp (=k (W1 + Giqa))

33
Ei[exp (—k (Wip1 + Gig1))] )
Next, for Dy,
dW,
o
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So then

0 = pE, [eXp(—k(Wt+l+Gt+l)) ngl} (35)
0 = R;'E/RD, (36)

It is straightforward to get a recursion for G; by following the derivation in GPP. m

Lemma 4 The effect of options demand on prices is

P, v (Rf—1) d 0 F oF vartd (REA) 6)
D, = — R? covy | Ry — Ry By kL + vard (Rfﬂ) , Ry (37)
where
BF . var (Rf,;) (38)
. =

" kkt + vard (RE)
cov{ (Rf, 1, RY,))

sl = (39)

vard (RE,;)

Proof. Based on the analysis from the previous proof, the pricing kernel can be written as

md — exp (_k (F%th»l + Dtngrl + Gt+1)) (40)
" RyE exp (=k (F,RE, + DR, + Gia))
Differentiate m{, ; with respect to D; to get
omd, —k <Rto+1 + Rﬁ-l%) exp (—k (FyRf, + DiRZ, + Gip)) (41)
8Dt RfEt |:€Xp (—k‘ (FtR;i_l + Dth—l + Gt+1))]
B exp (—k: (FthFJrl + Dthqu + Gt+1)) (42)

(RyEy [exp (—k (FRE, + DL, + Guan))])’

OF,
x By {—ka (R,Eil + Rﬁrla—Dtt) exp (—k (FtRerl + Dth-l + Gt+1)) (43)

= _kmtd+1 (At+1 - Ef [At+1]>

where
_(po r OF
Appr = | By + Rt-i—la_l)t (44)
and expectation operator
El[]= RyE; [m, ] (45)
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Next, we differentiate the first-order condition for F; with respect to D;. Since E¢[-] =

RyE; [m{, -], the first-order condition

is kFy = RyEy [m{,, R, ] and hence

8Ft 5md 1
/ﬁ?a—l)t = RfEt [a—lt;_RtF-‘i-l
= RyE, [—k (At+1 - Etd [At+1]) Riﬁ-lm?—&—l} .
_, OF,
Kk 13_Di = RyE, [_ [AHl - Efl [AtJrlH Rgrlm?+1]
= RyE [_AtJrlRii—lm?-i-l + B [A] Rﬂ-lm?—&-l]
B [ARE] + B[R] B )

= — COV? (At+1, Rzil)

oF;
= —cov? (R?H + RE L Rﬂl)

t+1a_Dt
oF,
= — covf (Rg_l, R£_1> - 8—Di vartd (Rﬂ_l) .

or;
0Dy

where

B =

The price sensitivity comes from differentiating the pricing equation for the option

P, E, {8771?“
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Proof. The proof of proposition 2 involves simply analyzing the expectation in 4 above. We

have

d (pF
vary (Rt+1)
RO . — RF RC
cth ( t+1 t+1 t - 1—|—Vart (Rt+1) t+1

Next, we want to further decompose var? [6&1}.

COV?( t+1 5t Rt+1aRt+1> (58)
cov‘tj (StFH + (@F - Bf) t+175tFRt+1 + 5t+1> (59)
varf [ef,.] + (B = B, ) BF var! [RE,] (60)
k™1 M2 4

) (8;")" var{ [R{51)

kk—' + vard (RE,|

Varf [5;’11} +

Assume that, under the dealer pricing

measure, z¢4; is orthogonal to both R/, and ¢/, ,. We have

Rt+1 = RtI+1 + 241 (62)
F 1 91t
& P O-%,t + O-,g,t (63)

where O'%t = var? (Rtl +1). We can write

Rto+1 = tIRtJrl + 5t+1 (64)

where S/ is the (d-measure) regression coefficient. Then
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I I
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By By + e — B, o2, + 2, (R{yy + 2141) (66)
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Figure 5: Net dealer gamma over time
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Description: Figure plots the net gamma of intermediaries over time, based on CBOE open-close and
Optionmetrics data. Intermediaries are defined as in Garleanu, Pedersen, and Poteshman (2008) as entities
that are neither customers nor firms, and the series uses options with 10-180 days to maturity. The
dashed vertical line marks August 2012. Sample period: monthly, 1996:01-2025:08, N = 356 monthly
observations. Interpretation: Net dealer gamma was strongly negative through the late 2000s but
trended toward zero (or slightly positive) by the early 2010s, with the timing of the shift closely tracking
the disappearance of the option premium documented in the previous figures.
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Figure 6: Hedging costs, basis risk, and unhedgeable risk over time
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Description: Top row: posted bid-ask spreads (left) and effective bid-ask spreads (right). Middle row:
standard deviation of the index-futures basis on a logjg scale (left) and 10-year rolling standard deviation
of the difference between traded and synthetic ATM straddle returns, scaled by the initial option premium
(right). Bottom row: relative jump variation (10-year moving average of realized variance minus bipower
variation, left) and realized skewness (Neuberger (2012), right). The dashed vertical line in each panel
marks August 2012. Sample periods and observations vary by panel: posted spreads cover 1900-2024
(DJIA stocks, N = 101 annual; DIA N = 27; SPY N = 32); effective spreads cover 1982:04-2023:06
(N = 495 monthly); index-futures basis covers 1983:02-2020:05 for the standard contract (N = 448
monthly) and 1997:10-2023:06 for the E-mini (N = 309 monthly); 10-year rolling SD of straddle hedging
error covers 1987:08-2025:08 (N = 457 monthly, with rolling-window observations from 1997:08 onward);
jump variation covers 1987:08-2023:05 (N = 7,036 daily, plotted as a 10-year moving average); realized
skewness covers N = 467 monthly observations. Iperpretation: Bid-ask spreads and basis risk have
fallen sharply over the sample, indicating reduced hedging frictions for dealers; unhedgeable risks (jump
variation and realized skewness) show no comparable decline, so the disappearance of the option premium
is consistent with friction reduction rather than with declining underlying risks.



Figure 7: Variance risk premium decomposition
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(b) Rolling 10-year VIX vs. realized volatility

Description: Panel (a) decomposes the rolling 10-year mean of (RVt - VIXffl) /VIX? | (the variance-
swap return scaled by the initial price of the swap) into a beta component (BRVTW,:, from a full-sample
CAPM regression) and a residual alpha component («a + £;). Panel (b) plots the rolling 10-year mean of
the VIX against the rolling 10-year annualized standard deviation of daily market returns. Sample period:
monthly variance-swap returns from 1987:08-2025:08, N = 457 monthly observations, of which N = 338
rolling 10-year-window observations are plotted in panel (a); panel (b) uses rolling 10-year windows of daily
VIX and market returns over the same period. Interpretation: The beta component of the variance-swap
return has been roughly stable while the alpha component has fallen from strongly negative to near zero;
consistent with this, the rolling 10-year VIX has bedficlose to realized volatility consistently over the past
17 years.



Figure 8: Cumulative returns on option and factor strategies
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Description: Cumulative standardized monthly returns for four strategies: short delta-hedged ATM
straddle (beta-hedged), HML (value), momentum, and currency carry. Each series is standardized to have
unit monthly standard deviation before cumulating. Value and momentum are from Kenneth French’s
website; currency carry is from AQR. The dashed vertical line marks August 2012. Sample periods
and observations: the short delta-hedged ATM straddle runs from 1987:08 to 2025:08 (N = 457 monthly
observations); HML from Kenneth French covers 1926:07-2025:12 (N = 1,194); momentum covers 1927:01—
2026:02 (N = 1,190); AQR currency carry covers 1974:02-2024:12 (N = 611). Interpretation: All four
strategies’ cumulative-return lines visibly flatten in the early 2000s, indicating that the disappearance of
the option premium is part of a broader phenomenon in which several well-known factor strategies have
stopped earning positive returns at roughly the same time.

47



Figure A.1: Power of break tests: varying shift size (full-sample bootstrap)
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Description: Each panel shows rejection probabilities at the 5% level for the HL test (red) and the
Andrews—Ploberger (1994) exponential-Wald test (blue), based on 500 simulations. The x-axis is the size
of the imposed shift as a multiple of the empirically estimated shift. Returns are simulated by bootstrapping
from the full sample and adding the specified shift to the post-break observations. The dashed line marks
the 5% nominal size. Puts and straddles are delta-hedged, and all three series are beta-hedged. The RV-
VIX series is not scaled by the VIX, since the scaled version does not satisfy the distributional stability
assumption required by the HL estimator, but the scaled version does. Each simulated sample uses the
empirical sample length of 457 monthly observations (1987:08-2025:08); the number of simulation draws
is 500 per (shift size, series) cell. Interpretation: Both tests are correctly sized when the imposed shift
is zero, but the HL test has substantially higher power than the AP test against shifts of the magnitude
estimated empirically; with a shift equal to the empirical estimate, HL rejects nearly 100% of the time
while AP rejects much less frequently.
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Figure A.2: Power of break tests: varying shift size (pre/post bootstrap)
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Description: Same as figure A.1 but returns are simulated by bootstrapping separately from the pre-
and post-2012 subsamples (after removing the estimated mean shift), allowing for heteroskedasticity across
subperiods. Empirical sample length: 457 monthly observations (301 pre-August 2012, 156 post); 500
simulation draws per (shift size, series) cell. Interpretation: The relative-power ranking of HL versus
AP is robust to allowing different return distributions before and after 2012; the HL test continues to
dominate AP against empirically plausible shift magnitudes.

Figure A.3: Power of break tests: varying sample size
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Description: Rejection probabilities at the 5% level for the HL test (red) and the Andrews—Ploberger
(1994) exponential-Wald test (blue) as a function of sample size, based on 500 simulations. The x-axis is
the sample size as a multiple of the actual sample. Returns are simulated by bootstrapping from the full
sample and adding the empirically estimated shift to the post-break observations. The HL test is only run
for scale factors up to 3x due to computational cost. Empirical sample length is 457 monthly observations
(1987:08-2025:08); 500 simulation draws per (sample-size, series) cell. Interpretation: At the actual
sample size, HL achieves rejection probabilities of 80-95%, while AP requires 2-5x more data to attain
the same power; in this setting, the median-based HL estimator is the appropriate test for the magnitude
of break we observe in the data.
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