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Abstract

We show that U.S. stock market volatility has roughly doubled since the 1950s. The
increase in volatility is strongest for daily returns and weaker for longer horizons,
which points against changes in the volatility of fundamentals and toward a larger
transitory component in returns. We trace the increase in volatility to two related
shifts in market structure: investors increasingly trade the market index, through fu-
tures, index funds, and ETFs, and can trade over more hours of the day. We exploit
changes in NYSE trading hours, and in the hours and access of index futures trad-
ing, as natural experiments. In each case, expanding the opportunity to trade brings
more trading and more volatility, so volatility accrues in trading time as well as cal-
endar time. Together, the estimates from these experiments account for over half of
the rise in volatility. A model in which arbitrageurs absorb investors’ demand shocks,
increasingly expressed through the index and over more trading hours, accounts for
these facts, including the shift in returns from continuation to reversal.

*Lochstoer and Muir are with UCLA & NBER. We thank participants at the NBER Summer Institute
2026, the ASU Winter Finance Conference 2026, UNC-Duke Asset Pricing Conference 2026, the Q Group,
the Federal Reserve Board, Stanford, UC Berkeley, UCLA, Jonathan Berk, John Campbell, Mark Garmaise,
Mark Grinblatt, Stefano Giglio, Valentin Haddad, Joren Koeter and John Shim for useful comments. A
previous draft circulated under the name “(Why) Have Financial Markets Become More Volatile? The Role
of Market Index Trading.”

https://tylersmuir.com/papers/ActivelyPassive.pdf


1. Introduction

We document that stock market volatility has roughly doubled over the last 70 years.

Figure 1 shows this rise in the rolling 5-year standard deviation of daily U.S. market

returns. Stock market volatility, constructed from daily returns, is a central measure

in macroeconomics and finance (e.g., Bloom, 2009; Martin, 2017; Berger et al., 2020).1

The goal of this paper is to document and understand this fact.
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Figure 1: Stock Market Volatility. 5-year rolling standard deviation of daily CRSP
value-weighted market return.

The structure of the increase already rules out some explanations. Daily volatility

has risen 123%. As we cumulate returns to lower frequencies the increase shrinks,

to 74% for weekly returns and 37% for monthly returns. Because a monthly (log)

return is the sum of the daily returns inside it, this pattern means that the autocor-

relation of returns has fallen substantially. If cash flow volatility were driving the

increase, volatility would rise similarly across horizons, so the steep frequency gradi-

ent points to something about how markets operate day to day and against changes in

1Bloom (2009) uses realized stock market volatility to identify uncertainty shocks that drive business
cycles. Martin (2017) argues for a tight link between the conditional volatility of the stock market and the
conditional market risk premium. Berger, Dew-Becker, and Giglio (2020) show it is specifically realized
volatility – not forward-looking implied volatility – that predicts contractions.
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the volatility of fundamentals. Further, we show that the rise in stock market volatil-

ity has been a rise relative to the realized volatility of fundamentals (profits, GDP,

industrial production).

We argue that a large part of this increase reflects increased trading activity that

affects the short-horizon dynamics of returns, rather than fundamentals. In the 1950s,

an investor who wanted exposure to the market had to effectively buy stocks one at

a time, and only during the exchange’s trading day. Today hundreds of billions of

dollars change hands around the clock in products that track the market index, in-

cluding index futures, ETFs, and funds. This paper provides stylized facts and causal

evidence that two shifts, (1) increased trading of the market as a whole and (2) an

increased ability to trade more often (i.e., overnight index futures), account for over

half of the increase in stock market volatility.

To measure the shift toward index trading directly, we first construct a market vol-

ume beta: the slope from a daily cross-sectional regression of each stock’s share of total

volume on its weight in the market portfolio. If all trading were index trading, this

slope would equal one. It has doubled from 0.4 to 0.8 over our sample, tracking the

rise in volatility closely. Thus, investors are trading relatively more along the market

dimension than they used to. This change occurs slowly over time, consistent with the

gradual move towards increasing trading of a market index. This started early in the

1960s when institutional investors became more dominant, concentrating trade in the

Nifty Fifty. Wells Fargo started an institutional index fund in 1971, Vanguard a retail

index fund in 1976, and S&P 500 futures began trading in 1982. Overnight index trad-

ing became possible when S&P 500 futures were listed on CME’s electronic GLOBEX

system in 1993, took hold with the E-mini introduction in 1997, and has continued

increasing relative to intraday trading in S&P 500 futures until the end of the sample.

The trend in volatility shown in Figure 1 appears to start in the 1970s, consistent with

the introduction and gradual adoption of these index trading instruments.

This correlation does not establish causation – volatility could drive trading rather

than the reverse, or a third factor could drive both. We provide causal evidence from

natural experiments. The first builds on French and Roll (1986), who study what
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happens when the New York Stock Exchange closed every Wednesday for six months

in 1968. If price movements reflect information, weekly returns should be unaffected

– the same news arrives whether or not the exchange is open on Wednesday. Instead,

weekly volatility falls by roughly one-fifth, implying that volatility tracks trading time

more than calendar time. We extend this logic to nine changes in NYSE trading hours

between 1945 and 1985, including the closing of Saturday trading, the Wednesday

closures, and six changes in the length of the trading day. Using trading hours as

an instrument for volume, we estimate that a 10% increase in trading volume raises

market volatility by about 14%.

Much of the rise in daily volatility since the early 1990s, the period in which

overnight index trading was introduced and grew, has come from the overnight por-

tion of market returns. Our second set of experiments uses this window to isolate

index trading. Individual stocks could not trade overnight, but the index could once

CME opened an overnight electronic session for S&P 500 futures in September 1993,

and the E-mini made overnight index trading far easier when it arrived in September

1997. Comparing overnight-to-intraday price movements for the market versus indi-

vidual stocks around each change, we find overnight market variance rises at both, by

about 3% per hour of overnight index trading in 1993 and by about 50% at the E-mini,

and futures volume rises with it, modestly in 1993 and sharply in 1997. The market

became more volatile precisely when and where index trading expanded.

The third design turns index trading on and off within a single day. On NYSE

holidays no individual stock can trade, but S&P 500 futures trade through the morn-

ing and then halt until the evening, so one day supplies a window in which only the

index can be traded and a window in which nothing can, back to back. In 2014 CME

moved the halt from 10:30 to noon, so the same clock window is dead on holidays

before 2014 and index-only after. If prices moved only because news arrives, an hour

in which the index can be traded would have the same variance as an hour in which

nothing trades. Instead it has more than ten times as much. Finally, in 2003 CME

moved its nightly one-hour shutdown from 10pm to 4:30pm, so on a single date one

window went from shut to open and another from open to shut. Variance rose in the
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hour that opened and fell in the half hour that shut.

We end by sizing up the experiments. We apply the estimates from the trading-

hours and futures experiments to the actual history of trading hours, across all of

the NYSE schedule changes and the changes in index futures hours and access, and

ask how much of the rise in volatility they would have produced on their own. The

answer is over half.

In all of these experiments, expanding the ability to trade results in both more

trading activity (volume) and more volatility. In contrast, in canonical asset pricing

models, volatility is based on calendar time and not trade time. That is, if the stock

market was only open one hour per week, the volatility of weekly compounded re-

turns should be the same as in the case when the market is open 24 hours a day. In

the former case, traders would collect all relevant information through the week and

then move prices in large amounts during the short time when the market was open,

rather than continuously as information arrived. But price moves over a calendar

week would be the same. Our findings instead imply that expanding the ability to

trade leads to more trading and larger price movements: volatility and volume track

trade time rather than only depending on calendar time. Because of this, much of the

rise in volatility we document in the later part of our sample (from the early 1990s on-

wards) comes from a rise in volatility of overnight returns as investors are now easily

able to trade market indices nearly around the clock.

To interpret these patterns, we develop a simple model of index trading, along

the lines of Campbell et al. (1993). In a market without index trading, investors hold

concentrated portfolios (following Merton (1987)), while risk-averse arbitrageurs that

trade in all stocks absorb investors’ idiosyncratic demand shocks and lean against

the systematic component of investors’ demand shocks. When index trading is intro-

duced, investors instead trade the market portfolio, which allows a more aggressive

allocation to stocks, due to its higher Sharpe ratio relative to undiversified portfolios.

Further, we let demand shocks scale with trade-time rather than calendar-time: more

trading opportunities within a calendar day generate a larger total flow of demand

shocks, motivated by the idea that trading and observing transaction prices generate

5



new signals, attention, or sentiment shocks, consistent with the spirit of French and

Roll (1986) and with our empirical findings. Arbitrageurs are thus required to absorb

larger systematic demand shocks than before, which they only partially accommo-

date. This shift in trading structure raises market volatility, reduces return autocor-

relation, and increases the share of variance explained by market-wide factors. The

predictions of the model are borne out in the data, which show both a decline in re-

turn autocorrelations and a rise in the systematic component of stock returns over

time. Further, the model matches increased volume in market index trades and the

large increase in market volatility.

Related literature and implications. Our findings bear on the rise of passive

investing. Index investing is passive in the cross-section, but trading in index products

is anything but. As David Booth puts it: “There’s been an incredible movement to indexing,

and yet there’s been an incredible increase in trading volume. [...] Index funds are the ideal

market timing vehicle. [...] Instead of individual stock selection, it’s kind of like a big gambling

casino.”2 The passive literature mostly studies cross-sectional efficiency (Sammon,

2025; Haddad et al., 2025; Brightman and Harvey, 2025) and the growth of passive

ownership (French, 2008; Chinco and Sammon, 2024); we study what trade in index

products does to aggregate volatility.

Our findings imply that volatility reflects how trading is organized as well as eco-

nomic uncertainty. This matters for measuring macroeconomic uncertainty from daily

stock returns (Bloom, 2009; Martin, 2017; Berger et al., 2020), for portfolio choice as

systematic risk rises (Moreira and Muir, 2017; Lochstoer and Muir, 2022), and for how

market macrostructure shapes asset prices (Haddad and Muir, 2025; Harvey et al.,

2025). It also raises a policy question: proposals to allow nearly 24-hour trading of

individual stocks could raise volatility further.

Our analysis draws on three literatures. The first is excess volatility. Shiller (1981)

showed that stock prices move too much to be justified by subsequent dividends, and

Schwert (1989) established the benchmark relationship between market volatility and

2Odd Lots Podcast, Eugene Fama and David Booth on the Birth of Modern Finance, minute 27.
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macroeconomic variables that we seek to explain. Our model builds on the demand-

shock framework of Campbell et al. (1993), the noise traders of De Long et al. (1990),

the limits of arbitrage in Shleifer and Vishny (1997), and the disagreement models

surveyed by Hong and Stein (2007), and adds a new source of excess volatility: index-

level trading that forces arbitrageurs to absorb systematic rather than idiosyncratic de-

mand shocks. The second is index inclusion and passive ownership. Demand curves

for stocks slope down (Shleifer, 1986), stocks added to the index comove more with

it (Barberis et al., 2005), ETF ownership raises stock-level volatility (Ben-David et al.,

2018), and indexing is linked to negative index serial dependence (Baltussen et al.,

2019); see also Da and Shive (2018); Greenwood and Thesmar (2011); Israeli et al.

(2017); Basak and Pavlova (2013); Sullivan and Xiong (2012). These designs exploit

cross-sectional variation in exposure to index demand, whereas we ask whether the

aggregate growth of index trading has raised the level of market volatility, using dis-

crete changes in trading time and overnight index-trading access. The third is trading

and volatility. French and Roll (1986) showed that trading itself induces volatility,

volume and volatility move together (Karpoff, 1987) in a way usually attributed to in-

formation arrival (Admati and Pfleiderer, 1988), and Bessembinder and Seguin (1992)

find mixed effects of futures activity on stock volatility in a sample with no overnight

futures trading. We add a decomposition into overnight and intraday variance that

compares systematic and idiosyncratic variance within the overnight window, where

the index trades via futures but individual stocks cannot (see also Lockwood and

Linn, 1990; Barclay and Hendershott, 2003; Hasbrouck, 2003; Lou et al., 2019).

A natural objection is that landmark launches (index futures in 1982, the Vanguard

index fund in 1976, the SPY ETF in 1993) produce no immediate jump in market

volatility. This is consistent with our story: these products had negligible trading

volume at launch and took years or decades to gain adoption, so in instrumental vari-

ables language a launch has a weak first stage. Our experiments have strong ones:

closing a trading day removes activity that was already happening at full volume,

extending trading hours gives immediate access to people who already know how to

trade, and the E-mini made an existing contract cheaper and electronic. Event studies
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at the 1993 opening of overnight index trading and the 1997 E-mini anchor the slower

buildup, and the within-day design needs no first stage at all: it compares hours in

which the index can be traded with hours in which nothing can.

The rest of the paper is organized as follows. Section 2 documents the rise in mar-

ket volatility. Section 3 presents the causal evidence, from changes in NYSE trading

hours, from the opening of overnight index futures trading and the E-mini, and from

turning index trading on and off within a day, and adds up how much of the rise the

experiments explain. Section 4 develops the model. Section 5 concludes.

2. Market Volatility: Broad Facts

We take the CRSP value-weighted market return in excess of the risk-free rate at the

daily and weekly frequency. Volatility is the square root of the annualized sum of

squared returns over a rolling 5-year window, expressed in percent per year.3

Table 1 regresses this series on a linear time trend over 1955 to 2025:

σt = a + bt̃ + εt (1)

where t̃ = (t − 1)/(T − 1) runs from 0 at the start of the sample to 1 at the end and

T is the number of observations. The constant a is the level of volatility at the start of

the sample, b is the percentage point increase over the sample, a + b is the level at the

end, and b/a is the percentage increase. The linear trend is a way to gauge the size

of the rise. We do not mean that volatility will keep rising at this rate, or that the rise

from 1955 to 2025 was linear.

For daily data the trend coefficient is 11.3% on a constant of about 9%: volatil-

ity has more than doubled over the sample. Because volatility is highly persistent,

conventional standard errors would overstate the significance of a trend. We report

Newey-West standard errors with 260 lags (5 years of weekly observations) and com-

3Computing volatility at shorter horizons, e.g., monthly, and then averaging these values over a 5-year
period produces qualitatively similar results.
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pute p-values using the fixed-b critical values of Lazarus et al. (2018).45 Section 2.3

shows the result is robust to outliers, the sample start date, stale prices and other

microstructure issues, and alternative ways of measuring volatility.

Table 1: Volatility Time Trends by Return Frequency

Daily Weekly 4-Week
(1) (2) (3)

Constant 9.18 10.92 12.86
(0.69) (0.95) (0.97)

Trend 11.27 8.05 4.77
(2.03) (1.96) (1.97)

p-value <0.001 <0.001 0.025

N 3,704 3,704 3,704
R2 0.508 0.355 0.164

Vol increase 123% 74% 37%

Notes: Each column regresses 5-year rolling annualized volatility (in %) on a constant and a linear
time trend normalized to zero at the start and one at the end of the sample. The dependent variable
is the square root of the annualized 5-year realized variance. Column (1) uses daily CRSP value-
weighted market excess returns, with weekly RV computed as the sum of squared demeaned daily
returns within each calendar week, and 5-year RV as the sum of 260 weekly RVs. Column (2) uses
weekly CRSP value-weighted market excess returns. Column (3) uses 4-week excess returns, con-
structed by geometric compounding of weekly gross market and risk-free returns. All regressions
use weekly overlapping observations from January 1955 to December 2025. Standard errors (in
parentheses) use the Newey–West estimator with Bartlett kernel and S = 260 lags. p-values use
fixed-b critical values with κ = ⌊3/(2b)⌋ degrees of freedom, where b = S/T. The last row reports
the percentage increase in trend volatility from the beginning to the end of the sample.

Column 2 cumulates to weekly returns, and the trend declines to about 8 percent-

age points, a 74% rise over the sample. Column 3 cumulates to 4-week returns, and

the trend declines further to about 5 percentage points, a 37% rise. Volatility rises at

every horizon, but the rise is concentrated in short-horizon returns. Because a com-

pounded (log) return over a longer horizon is the sum of the daily log returns inside

4See also Vogelsang (1998) for the general fixed-b framework. The fixed-b approach accounts for the
well-known size distortions of standard HAR tests when the bandwidth is a non-negligible fraction of the
sample size, as it is here.

5Inference is also robust to a moving-block residual bootstrap: with 10-year blocks (seven effective
blocks across the sample) the 95% bootstrap confidence interval for the daily-column trend is [7.8, 15.1];
with 20-year blocks (only three effective blocks) it is [8.5, 14.4].
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it, a trend that differs across horizons must reflect a change in the autocorrelation of

returns. If autocorrelation at all horizons were zero, the expected squared weekly

return would equal the expected sum of squared daily returns within the week.

The pattern across horizons points to changes in financial markets and trading it-

self. Time-varying volatility of fundamentals alone does not produce a rise that differs

by return horizon: with uncorrelated returns, a rise in daily variance passes one for

one into weekly and monthly variance. A rise concentrated at short horizons instead

requires a rise in “discount rate” volatility, the volatility of a mean-reverting compo-

nent of returns, and because this mean reversion occurs over days and weeks rather

than years, the natural candidates are based on trading.6 We return to fundamentals

shortly.

2.1 Horizon Effects and Return Autocorrelations

Figure 2 plots the trend in volatility by return horizon, from 1 day out to 1 quarter (13

weeks). The point estimate is positive at every horizon and significant out to around

6 weeks. The gradual decay is consistent with short-run reversals in returns.

Figure 3 plots the ratio of 5-year return variance from daily returns to 5-year return

variance from monthly returns, alongside daily volatility from Figure 1. The ratio is

the variance-ratio statistic of Lo and MacKinlay (1988) and measures autocorrelation:

when daily-based variance exceeds monthly-based variance the market price mean-

reverts, because short-term price pressure that reverts quickly shows up in daily vari-

ance but much less in monthly variance. We report the variance ratio in logs, so that

only its sign depends on which variance is on top; with daily-based variance on top,

as here, a positive log ratio means reversal and a negative one continuation, and the

Lo and MacKinlay (1988) ratio is the same number with the opposite sign. The two

series track each other closely, and the log variance ratio moves from around −0.6 to

above 0.6, crossing zero in the late 1990s: returns went from continuation to rever-

6Typical discount rate volatility in traditional macro finance models (say, with time-varying risk-
aversion, or the long-run risk model of Bansal and Yaron, 2004) focuses on long-run mean-reversion at
the horizon of years rather than weeks.
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Figure 2: Time Trend in Realized Volatility by Return Frequency

Notes: Trend coefficient from regressing 5-year rolling annualized volatility on a linear time trend,
by return horizon: daily (plotted at 0.2 weeks) and 1–12 week overlapping returns, constructed as
in Table 1. The shaded band is a 95% confidence interval from Newey–West standard errors with
S = 624 lags and fixed-b critical values. Sample: 1955–2025.

sal. The variance ratio breaks in August 1999, within a year of the break in the level

of volatility (Appendix A.4), and the same rise appears in 35 international markets

(Appendix A.7).

Section A.8 plots the daily and weekly return autocorrelations directly and extends

the volume-conditioned regression of Campbell et al. (1993) (CGW) to the modern

sample. The daily autocorrelation declines from roughly 0.30 in the 1970s to −0.15

by the 2020s, crossing zero around 2003, while the weekly series crosses zero around

1990 and ends near −0.12. Both trends are strongly significant under fixed-b inference.

The decline in daily autocorrelation is documented by Froot and Perold (1995) and

Campbell (2018); its early positive values partly reflect lead-lag effects across stocks

(Lo and MacKinlay, 1990). Appendix C.2 measures and removes the effect of such

lead-lag correlations on the aggregate daily return volatility over the sample. We find

that these effects account for only about 1.3 percentage points of the 11.3 percentage

point increase in daily volatility.
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Figure 3: Variance Ratio and Volatility

Notes: Left axis (solid): log variance ratio, the log of the ratio of 5-year cumulative daily real-
ized variance to 5-year cumulative monthly realized variance. Daily realized variance within each
month is the sum of squared demeaned daily returns; monthly realized variance is the squared
demeaned monthly return. Both are demeaned using full-sample means. A log ratio above zero
indicates negative return autocorrelation (mean reversion); below zero indicates positive autocor-
relation. Right axis (dashed): 5-year rolling annualized volatility as in Figure 1. Shaded regions
indicate NBER recessions. Sample: 1955–2025.

2.2 Volatility, Volume, and Fundamentals

Figure 4 plots market volatility against total stock market volume as a share of mar-

ket capitalization over 5-year windows from 1955 to 2025. Since the 1960s the two

move together, in the low-frequency trend and in the cycle. A natural interpretation

is that more trading produces more volatility, especially at short horizons, consistent

with the horizon pattern above. But other factors could move both series, and high

volatility could itself raise the demand for trading. Section 3.1 addresses causality

with changes in trading hours as an instrument for volume and with the introduction

of the E-mini futures.

Figure 5 plots stock market volatility relative to the volatility of fundamentals from

1926 on, with the variance ratio beside it. The black line is stock market volatility

divided by the volatility of industrial production growth, both over ten-year rolling
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Figure 4: Volatility and Turnover

Notes: Left axis (solid): 5-year rolling annualized volatility of the CRSP value-weighted market
excess return, computed from daily returns as in Figure 1. Right axis (dashed): 5-year rolling
annualized turnover. Daily turnover is total dollar volume divided by total market capitalization
across all CRSP common stocks; it is averaged within each month, then over a 60-month rolling
window, and multiplied by 252 to annualize. Shaded regions indicate NBER recessions. Sample:
1955–2025.

windows, and therefore a rise means the market has become more volatile relative to

the real economy. The blue line is the variance ratio of Figure 3 on the same windows.

Both are log deviations from their 1950–1974 means.

The Great Depression is the natural test. Stock volatility averaged 24% through the

Depression and the war, the highest in the sample, but the volatility of the macroecon-

omy was also extremely high. Scaled by the volatility of fundamentals, the Depression

looks like the 1950s and 1960s. The variance ratio makes the same point on a separate

axis: its log was −0.30 in the Depression and −0.32 in 1950–1974. Both series trend

up over the last fifty years. Since 2000 stock volatility has averaged more than eight

times industrial production volatility, compared with about two in the 1930s and the

1950s, and the log variance ratio has averaged 0.40. Real GDP and corporate profits

give the same picture as industrial production (Figure 16 in Appendix A.2).

This echoes a long literature starting with Schwert (1989) that struggles to tie stock
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Figure 5: Stock Market Volatility Relative to Fundamental Volatility, and the Vari-
ance Ratio, 1926–2025

Notes: Solid black: annualized volatility of the daily CRSP value-weighted market excess return
divided by the annualized volatility of monthly industrial-production growth (FRED INDPRO),
both over 10-year rolling windows. Solid blue: the variance ratio of Figure 3, the ratio of cumula-
tive daily to cumulative monthly realized variance, over the same 10-year windows. Both series
are plotted as log deviations from their 1950–1974 means; the dotted line marks a variance ratio of
one. The dashed line is a linear trend from 1955 fitted to the average of the two series. Data begin
in 1926, so the first window ends in mid-1936. Industrial-production growth for March–July 2020
is excluded: the shutdown and reopening of the economy produce a swing in measured growth
that would otherwise remain in every window for ten years, but it was a temporary pause rather
than a change in the volatility of fundamentals.

market volatility to fundamentals. Fundamentals may also have changed in char-

acter around 2000, toward more persistent shocks (Chernov et al., 2026); a shift of

that kind changes the level of volatility at every horizon, not the gap between daily

and monthly volatility that the term structure in Figure 2 shows. Controlling for

industrial-production volatility sharpens the point. On the full 1931–2025 sample a

linear trend in stock volatility is statistically zero, because Depression-era volatility

offsets the modern rise, but adding 5-year rolling industrial-production volatility as a

control moves the trend to 10.5 percentage points (s.e. 4.5). On the post-1960 subsam-

ple the trend is 10.7 (s.e. 2.1) without the control and 10.6 (s.e. 2.2) with it.7 Together

7Newey-West HAC with 60 monthly lags; the appendix also reports a structural-break version with a
1960 trend break.
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with the horizon pattern, this makes fundamentals a poor explanation for the rise in

volatility and trading activity a promising one.

The horizon pattern also says how much of the rise fundamentals could account

for. Permanent news raises the volatility of returns at every horizon alike, and there-

fore a rise in the volatility of fundamentals would show up as much in quarterly

returns as in daily ones. Instead, Figure 2 shows the trend shrinking quickly with

the horizon: it is less than half as large at a month as at a day and smaller still by

a quarter. Most of the increase in daily volatility is therefore specific to short hori-

zons, which is the same statement as the rise in the variance ratio in Figure 3. A

direct estimate of long-run variance, using the estimator of Dew-Becker (2017), does

not change over the sample (Appendix C.4). Part of the early gap between short-

and long-horizon volatility reflects the slow diffusion of common news across stocks,

which Appendix C.2 measures, and its disappearance accounts for a relatively small

part of the rise in daily volatility.

2.3 Robustness of the rise in volatility

Table 2 shows that the rise in volatility survives outliers, a later start date, and stale

prices.

2.3.1 Outliers

Volatility is right skewed, with extreme events such as the 1987 crash. Column (1) of

Table 2 therefore replaces the rolling variance with the interquartile range of weekly

realized variances within each 5-year window, rescaled to annualized volatility; the

trend is almost identical at 11.1%. Thus, events like the 1987 crash or Covid are not

driving the rise.

2.3.2 Trend robustness

Institutions were increasingly holding and trading market portfolios from the 1960s,

the first retail index fund (Vanguard) opened in 1976, and index futures and options
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followed in the early 1980s, and therefore the start date could matter. Column (2)

starts the regression in 1980 with the trend variable unchanged (the coefficient is still

scaled as a 70-year change) and finds a slightly stronger rise at a little under 12%.

We do not take the trend literally. As in Campbell et al. (2001), it is a convenient

summary of a slow-moving rise. Estimating structural breaks in the mean of volatility

instead gives two breaks, around 1975 and 2000, with the mean rising substantially

at each and the overall increase consistent with the trend (Appendix A.4). The trend

is stable across start dates, rolling-window lengths, and 30-year rolling subsamples

(Appendix A.5).

2.3.3 Concerns about stale prices

Volatility can look low when many stocks do not trade on a given day. Column (3)

weights stocks by dollar volume instead of market capitalization (stocks that do not

trade get zero weight), and column (4) uses only the 100 largest stocks, the most liquid

and least exposed to stale prices. Both give a nearly identical trend. Campbell et al.

(1993) reach the same conclusion on nonsynchronous trading by re-running their vol-

ume and autocorrelation results on the Dow Jones Industrial Average and on individ-

ual large stocks. The rise also holds under equal weighting, across size segments, and

for the S&P 500 directly. Thus, it is not an artifact of value-weighting or mega-cap

concentration (Appendix A.6).

2.3.4 Systematic vs. idiosyncratic volatility

The rise in market volatility is systematic, not firm-specific. We follow Campbell et al.

(2001) (henceforth CLMX) exactly, decomposing average-stock variance into market,

industry-relative-to-market, and firm-specific components on the full CRSP universe

with their 49 industries, starting in 1962 to match them and extending through 2024;

our implementation replicates their headline numbers within tolerance on their 1962–

1997 sample.8 The market share of average-stock variance nearly doubles, from 0.18 in

1962–1971 to 0.31 in 2015–2024, and the total systematic share (market plus industry)

8See Appendix A.1 for the validation table, figures, and additional results.
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Table 2: Volatility Trend Robustness

IQR Post-1980 Volume-Weighted Top 100
(1) (2) (3) (4)

Constant 8.70 8.79 12.47 10.28
(0.70) (2.24) (0.94) (0.84)

Trend 11.11 11.74 12.48 10.04
(1.91) (3.74) (3.22) (2.13)

p-value <0.001 0.008 <0.001 <0.001

N 3,705 2,401 3,653 3,653
R2 0.531 0.247 0.360 0.447

Vol increase 128% 133% 100% 98%

Notes: Each column regresses 5-year rolling annualized volatility (in %) on a constant and a lin-
ear time trend. The trend is normalized to zero at the start (January 1955) and one at the end of
the full sample for all columns, ensuring comparability of slope coefficients. Column (1) uses the
interquartile range (IQR) of weekly realized variances based on daily returns within each 5-year
window, scaled by the χ2(5) IQR to recover annualized volatility. Column (2) restricts the sample
to January 1980 onward using the baseline daily-return RV measure from Table 1. Column (3) re-
places the market-capitalization-weighted market portfolio with a dollar-volume-weighted port-
folio constructed from individual CRSP stocks, using lagged dollar volume as weights. Column (4)
uses a value-weighted portfolio of the 100 largest stocks by lagged market capitalization. Standard
errors (in parentheses) use the Newey–West estimator with Bartlett kernel and S = 260 lags. p-
values use fixed-b critical values with κ = ⌊3/(2b)⌋ degrees of freedom. The last row reports
percentage increase in trend volatility from the beginning to the end of the sample.

rises from 0.31 to 0.45. Both trends are significant: 2.50 percentage points per decade

for the market share (t = 3.95) and 3.25 for the systematic share (t = 4.01).

The variance-ratio regime change in Figure 3 above also appears in the systematic

component. The market-component log variance ratio rises from −0.34 in 1961–1995

to 0.39 in 1996–2024, the industry component shifts the same way but less, and the

firm-specific variance ratio shows no regime change, only a steady decline consistent

with falling microstructure noise (narrower spreads, decimalization). Our 1962–1997

numbers reproduce the CLMX result on rising firm-specific volatility, and the rever-

sal after 2001 that Campbell et al. (2023) document appears in our extended sample

too. The rise in the market component persists across 1962–2024, while firm-specific

volatility has fluctuated around its long-run level.
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2.3.5 Implied volatility

The VIX, the most widely cited measure of equity volatility, has not trended up since

1990, and Dew-Becker and Giglio (2026) make this unsurprising: they document a

large decline in the variance risk premium over the same period and attribute it to

declining intermediary frictions in the options market. In our data realized volatil-

ity rises by roughly 1.8 percentage points per decade since 1990, the variance risk

premium falls at an almost exactly offsetting rate, and implied volatility is flat. The

implied-volatility sample is about 30 years rather than 70, so a trend test on it alone

has little power, but the joint pattern across the three series is consistent with the rise

we document (Appendix A.3).

3. Volume and Volatility: Stylized Facts and Causal

Evidence

We propose that the market is more volatile because investors trade the overall market

a lot more than they used to. That is, with the rise of S&P 500 index funds, S&P 500

futures, or similar products, it has become increasingly easy and prevalent over the

past 70 years to trade in and out of the overall market rather than in individual stocks.

This concentration of trading volume in the overall stock market means that in-

vestors facilitating trade – e.g., arbitrageurs and liquidity providers – will have to

absorb market risk, rather than idiosyncratic risk of individual stocks. Their compen-

sation is given by the degree of short-term reversal, with higher reversal leading to

more volatility of high frequency returns.

To explore the prevalence of “trading the market” we propose a simple measure

that assesses how much volume for individual stocks can be explained by volume of

trade in the overall stock market. More specifically, suppose all volume activity in a

given day came from flows in and out of the overall stock market – for example flows

in and out of market index funds. Then volume on that day for all stocks would be

proportional to their weights in the market index – that is, their market capitalization.
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This motivates the following cross-sectional regression. For a given time period t,

we run

Volumei,t

Total Volumet
= at + bt × MktWeighti,t−1 + εi,t i = 1, ..., N (2)

where Volumei,t represents the dollar volume in stock i on day t, Total Volume

represents the total dollar volume across all stocks, and MktWeighti,t−1 represents

stock i’s weight in the market portfolio. If all trading on a given day was trading by

market index funds, then we would have bt = 1 because volume in every stock would

be proportional to that stock’s market capitalization.

We run the regression in (2) daily, collect estimates bt, and then compute rolling

averages of the time-series of bt.

Panel A of Figure 6 plots the rolling 5 year average of volume coming from trad-

ing the market along with market volatility. Market volume betas double over this

period from around 0.4 in 1960 to around 0.8 today, coinciding with the rise in market

volatility. Recall that a market volume beta of 1 is consistent with all trades being

trades in and out of the market portfolio. This suggests that today a large fraction of

trading volume in the stock market may be driven by trading the market index. A

slope near one is what index trading implies rather than proof of it, since any trading

that is proportional to market capitalization produces the same slope.

Panel B shows a more direct measure of index investing – the asset-weighted share

of funds whose returns have a correlation with the S&P 500 of at least 0.98 (or 0.99).

We use fund returns and assets from the CRSP mutual fund database and focus on

U.S. domestic equity funds. Both shares increase substantially after 1990, to around

35–40% by the end of the sample.

3.1 Causal Evidence: Volume and Volatility

The link between market volatility and market trading is suggestive, but it is not

causal. Our claim is that the ease of trading index products drove trading in the
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Figure 6: Market Trading vs Market Volatility

Notes: Panel A, left axis (solid): 5-year rolling average of the daily cross-sectional OLS slope from
regressing volume shares on value weights within the top 500 stocks by market capitalization. A
higher slope indicates that trading volume is more concentrated in stocks with larger market-cap
weights, consistent with index-linked trading. Panel B, left axis (solid): asset-weighted share of
U.S. domestic equity funds whose monthly returns over the previous three years have a correlation
with the S&P 500 of at least 0.98 or 0.99 (CRSP mutual fund data, 24-month average). Right axis in
both panels (dashed): 5-year rolling annualized volatility as in Figure 1. Shaded regions indicate
NBER recessions. Sample: 1955–2025 (Panel B from 1966).

market itself, and that this trading raised volatility. We test it with three sets of quasi-

natural experiments. The first uses changes in the trading hours of the NYSE as an

instrument for trading volume. The second uses the S&P 500 futures market. Two

changes altered when and how easily the index could be traded: an overnight elec-

tronic session opened in 1993 and the E-mini arrived in 1997, while individual stocks

could not trade overnight either way. The third turns index trading on and off within

a single day: on NYSE holidays futures trade through the morning and then halt, and

CME’s schedule changes moved the boundaries between open and shut. We close

by chaining the estimates together to ask how much of the rise in volatility they can

account for.

An important consideration in choosing these experiments is the strength of the

first stage. The most visible events in the history of index trading (Vanguard’s in-

dex fund in 1976, S&P 500 futures in 1982, the SPY ETF in 1993) did not produce

immediate surges in volume. They started small and took decades to catch on, so a
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short-window event study around their launch dates has little power. Our experi-

ments instead exploit changes to existing trading behavior: closing a trading day that

was already active, extending hours for traders who already know how to trade, or

making an existing futures contract cheaper and electronic via the E-mini. In each

case the first stage is strong because the change is immediate. The within-day design

goes one step further: it needs no first stage at all, because the comparison is between

hours in which the index can be traded and hours in which nothing can.

3.1.1 Changes in Trading Hours as an Instrument for Volume

We exploit changes in NYSE trading hours and trading days as instruments for trad-

ing activity. The basic idea goes back to work by French and Roll (1986). They ex-

ploited a paperwork backlog at the NYSE in 1968 which led the NYSE to close on

Wednesdays from June-December 1968. The amount of information content relevant

for stock prices presumably did not change because of this closure. During the clo-

sure period, the return on Thursdays is now a 2-day cumulative return – that is, the

return Thursday reflects the price movements from the close on Tuesday to the close

on Thursday.

Strikingly, however, French and Roll (1986) find that the variance of the Thursday

return did not change due to the closure, when in fact it should double.9 As a result,

total weekly variance (the sum of squared returns in a week) falls during the closure

period by around 20% (one-fifth, given one in five trading days is removed). This

decrease in variance is relative to the period of January through May of 1968 (the first

half of the year) before the Wednesday closure was in place. Further, the variance on

other days (i.e., Tuesday) did not change during the closure period, so that it does not

appear there were any general changes in the level of volatility.

We take these results and push them further. Specifically, we pool every sched-

uled change in NYSE trading hours between 1945 and 1985 into one regression. From

1945 to 1952 the exchange shut its two-hour Saturday session each summer and re-

9If the returns on any two days are roughly uncorrelated, variance of a 2-day return will be twice the
variance of a 1-day return. Letting rt be the log daily return, we have var(rt + rt+1) = 2var(r)(1+ ρ) where
ρ is the autocorrelation of returns.
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opened it each autumn, until it closed Saturdays for good in 1952. In 1968 it closed on

Wednesdays for six months and then reopened them with a shorter trading day. Fi-

nally, between 1952 and 1985 it changed the length of the weekday session six times: a

half-hour extension in 1952, and, after the closure ended in January 1969 with a 4-hour

trading day, five extensions that took the trading day to the 6.5 hours of today.

We present two versions of this analysis. The cleanest test is at the daily level

(Panel A of Table 3), where the Saturday and Wednesday closures move the trading

hours of one day of the week and leave the other days alone. This lets us hold calen-

dar time fixed and ask whether trading time matters for volatility above and beyond

calendar time. The weekly aggregate (Panel B) asks a different question: whether

the variance and volume that a closure removes from one day reappear on the other

days of the week. There the comparison across days is no longer available and the

test is correspondingly less sharp, but any reallocation within the week nets out by

construction.

Panel A: Trading hours and volatility. Our main evidence on whether trading

hours affect volatility uses daily returns, the sharpest test of our story. Each schedule

change dictates which returns gain or lose trading hours, and the returns it leaves

alone provide the control, either the other days of the same week when a session is

closed or the same days in the surrounding weeks when the trading day is length-

ened. This is where hours should show up most directly, and the comparison gives

both identification and power. When the NYSE closes on Saturdays, the return from

Friday’s close to Monday’s close still spans the same calendar hours but trading hours

fall, while the Tuesday through Friday hours are unchanged. When the NYSE closes

on Wednesdays, the return from Tuesday’s close to Thursday’s close still spans 48

hours but contains one session instead of two. When the NYSE lengthens the trading

day, every return contains more trading hours and the calendar is unchanged. We

therefore measure returns between consecutive closes on Monday through Friday, so

that a Saturday session, when there is one, falls inside the Friday-to-Monday return,

a closed Wednesday falls inside the Tuesday-to-Thursday return, and the calendar
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length of each return is fixed by its day of the week. Fixed effects for the day of the

week within each event and for each calendar month then hold calendar time and the

level of volatility fixed. For the weekday-session changes, where every day is affected,

each window is a single block and the comparison is simply the month after against

the month before. Thus, the only variation left in trading hours is the schedule change

itself.10

Under the null hypothesis that information arrival drives variance, a return’s vari-

ance depends on the calendar time it spans and not on the trading hours inside it.

Under the alternative that trading generates variance, more trading hours raise vari-

ance at fixed calendar time. Specifically, we estimate

ln r2
t = f e + β × ln trading hourst + εt (3)

ln turnovert = f e + γ × ln trading hourst + νt (4)

where rt is the market excess return between consecutive closes, turnover is dollar

volume divided by market capitalization over the sessions the return spans, and f e

are the fixed effects just described. Under the information null β = 0, and if variance is

proportional to trading time β = 1. Instrumenting turnover with trading hours gives

the elasticity of variance to volume as the ratio β/γ. We use ±22 trading day windows

around each weekday-session change and the full closure and Saturday periods for

the other two experiments, yielding 4,790 daily returns. Standard errors are from a

block bootstrap that resamples calendar months within each event.

Our identifying assumptions are as follows. First, changes in trading hours affect

volatility only through trading activity. Second, the timing of a schedule change does

not depend on expected volume in the days around it. Demand for trading surely

affects trading hours in the long run, but this itself is not a problem. We need only that

a permanent change in hours was not timed to a predicted spike in volume inside the

event window, and this is most plausible when the window is narrow. For example,

10The Saturday closings ran from late May to late September each year, so the weekend return also gets
month-of-year effects, estimated from the five years on either side of 1945–52 in which Saturdays did not
switch. Returns that contain a holiday are excluded.
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the assumption is that the NYSE did not permanently lengthen the trading day on

September 29, 1952 because it anticipated unusual volume in the following 22 trading

days. For the Saturday and Wednesday closures the comparison is across days of the

same week, so the level of volume and volatility in the window does not matter. For

the weekday-session changes the comparison is before against after, and the width of

the window trades identification against power. We use a month on either side at the

daily level and three months at the weekly level, short relative to the years over which

trading demand builds.

Panel A of Table 3 presents the results. The first stage (column 1) is very strong: a

10% increase in trading hours increases turnover by about 8%, with an F-statistic of

206 on the excluded instrument. Column 2 is the reduced form and the experiment it-

self. Variance increases with trading hours with an elasticity of 2.2 (t = 3.5), meaning

a 10% increase in trading hours raises variance by about 22% and volatility by about

11%. This rejects the information null of zero. Moreover, the estimate is above one,

the value at which variance would simply be proportional to trading time. Column 3

instruments turnover with trading hours and gives an elasticity of variance to volume

of 2.7, significant at the 1% level, meaning a 10% increase in turnover raises variance

by about 27%. The two closure experiments also answer a different null. In both, the

return runs from one close to the next across the closed session (Friday to Monday for

the Saturday closings, Tuesday to Thursday in 1968). If demand arrives on the calen-

dar and a closure only changes when it is priced, for example because arbitrageurs

are less willing to carry positions across a longer closure, then the same news and the

same demand are priced by the following close either way and the elasticity on these

spans is zero. Instead, the two closure experiments on their own give an elasticity of

2.3 (s.e. 0.6), and a return that starts the session before the 1968 closure and ends at

the reopen (Monday close to Thursday close) gives 2.5 (s.e. 0.9) relative to the Mon-

day and Friday returns of the same weeks. The variance a closed session removes is

therefore not recovered at the reopen, and it did not move to the session before.
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Table 3: Trading Hours, Volume, and Variance on the NYSE

Notes. Panel A uses daily data and Panel B weekly data. The dependent variable in columns (2)–
(4) is the log squared market excess return, and coefficients are therefore elasticities of variance
(halve them for volatility). Trading hours are the hours the schedule provides in the day or week;
turnover is CRSP dollar volume divided by market capitalization. Panel A pools every scheduled
change in NYSE hours, 1945–1985: the Saturday closings of 1945–52, the 1968 Wednesday closure,
and six changes to the weekday session in ±22-trading-day windows, with fixed effects that hold
calendar time fixed. Panel B uses the closure and the five weekday changes of 1969–85 in ±13-
week windows with event fixed effects. The 1952 change is excluded from Panel B because weekly
hours barely moved (the appendix reports the estimate with it). Standard errors in parentheses
are from a block bootstrap of calendar months within event (1,000 draws); the weekly IV reports
the bootstrap 95% interval, since its first stage is weaker. ***, **, * denote significance at the 1%,
5%, and 10% level.

Panel A: Trading hours and volatility

(1) (2) (3) (4)
First Stage Reduced Form IV OLS

Dep. variable: ln Turnover ln r2 ln r2 ln r2

Log Trading Hours 0.82*** 2.21***
(0.06) (0.63)

Log Turnover 2.70*** 3.13***
(0.74) (0.18)

Observations 4,790 4,790 4,790 4,790
R-squared 0.77 0.13 0.22
First-stage F 206
FE: Month, Event × Span Type, Weekend Season Y Y Y Y

Panel B: Weekly totals and reallocation across days

(5) (6) (7) (8)
First Stage Reduced Form IV OLS

Dep. variable: ln Turnover ln r2 ln r2 ln r2

Log Trading Hours 0.95*** 2.74**
(0.32) (1.23)

Log Turnover 2.90 1.46***
[0.67, 9.45] (0.46)

Observations 167 167 167 167
R-squared 0.91 0.51 0.53
First-stage F 9
FE: Event Window, Holiday, Week Length Y Y Y Y

Panel B: Weekly totals and reallocation across days. A concern with the daily

evidence is that the volume and volatility lost on a closed Wednesday may simply

move to the other days of the week. Investors who would have traded on Wednesday

may trade more on Monday, Tuesday, or Friday instead, in which case the daily esti-
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mate overstates how much variance the closure removed from the week. The variance

should show up on Thursday, whose return spans the closed day, but it is still useful

to check whether any of it migrated elsewhere in the week. The weekly test is also

simpler. Once we aggregate to the week, calendar time is fixed by construction and

any reallocation across days nets out, and we therefore need neither the day-of-week

fixed effects nor a story about which day absorbs the trading. The cost is that the

test is less sharp than comparing adjacent days, and to recover power we use longer

windows of 13 weeks on either side of each change.

The dependent variable is the sum of squared daily returns within the week, the

regressor is the trading hours the schedule provides in that week, and a holiday no

longer moves the regressor and enters instead as a dummy for the session lost. Each

change gets its own fixed effect, and we estimate (3) and (4) on weeks in place of daily

returns. Without the comparison across days of the week, the Saturday closings have

nothing to identify from: the summer closings recur in the same months every year

and cannot be separated from a seasonal control, and the September 1952 extension

of the weekday session offset the final closing, so that weekly hours barely moved.

We therefore leave the Saturday closings and the 1952 extension out of Panel B. The

Wednesday closure and the five later changes to the weekday session remain, which

gives 167 weeks in total.

Panel B of Table 3 presents the weekly results. Trading hours increase volume one

for one (column 5) – when the stock market is open longer, people trade more. If

investors had made up for a closed Wednesday by trading more on the other days,

weekly volume would respond to weekly hours with an elasticity well below one.

It does not, and the same holds for variance. Variance increases with trading hours

with an elasticity of 2.7 (column 6), close to the daily estimate of 2.2 and with twice the

standard error, as we would expect from a design that no longer compares days within

the week. In column 7 the IV is 2.9, with a wide interval because the weekly first stage

is weaker. Using the squared weekly return in place of the sum of squared daily

returns gives the same elasticity with more noise (see the appendix). This indicates

that longer hours raise the variance of daily returns without changing how the days
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within a week are correlated.

Overall, more trading causes more volatility in the market index. The daily design

holds calendar time fixed and rejects the information null: trading hours matter in

their own right, not just calendar time, and the weekly design shows that the variance

a closure removes does not reappear elsewhere in the week.

3.1.2 The E-mini Futures as a Natural Experiment

The E-mini S&P 500 futures contract launched on September 9, 1997, and it did not

add trading hours: the full-size S&P 500 contract had traded overnight on CME’s

GLOBEX system since September 1993, and the E-mini’s own overnight session added

at most half an hour to that (Section 3.1.3 and Table 14 in the appendix give the record).

Instead, the E-mini changed access. It was a fraction of the full-size contract’s size, it

traded electronically around the clock, and it ran alongside the pit during regular

hours, so an investor with a screen could trade the index at retail size at any hour

without going through a floor broker. Volume in S&P 500 futures rose sharply within

weeks of the launch. Individual stocks could not trade overnight either before or after.

We compare the market’s overnight-to-intraday variance ratio with the same ra-

tio for individual stocks (idiosyncratic vol), before and after the E-mini, since more

overnight trading should raise overnight variance for the market but not for individ-

ual stocks. The stock ratio controls for news that arrives at night and moves stocks in

general; the intraday denominator controls for anything that moves overall volatility

in this period.

We use close to open and open to close returns as measures of overnight and in-

traday returns, respectively.11 The market return is the value-weighted return of the

top 500 stocks by prior-December market capitalization. For each individual stock i,

we use the simple market-adjusted return ri,t − rm,t as a proxy for the idiosyncratic

component. This imposes a unit market beta on each stock, following Campbell

et al. (2001). We compute the sum of squared returns within a rolling 22 day pe-

11Thus, we also use weekend returns. Returns are constructed using CRSP’s split- and dividend-
adjusted daily total return combined with raw same-day open/close prices, which gives correct overnight
and intraday returns through corporate actions.
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riod (roughly 1 month). For individual stocks, we aggregate into a single measure

of idiosyncratic volatility by value weighting the resulting overnight and intraday

idiosyncratic variances at the stock level. We then compute

var(rnight
mkt )/var(rday

mkt)

var(rnight
stock,idio)/var(rday

stock,idio)
,

the ratio of the two variance ratios.

Figure 7 plots the results. Panel A shows the increase in this variance ratio. The

first vertical line represents the introduction of the E-mini in September 1997. Since

our variance computations use 22 day rolling windows, the full effect is not felt until

the second vertical line, which then only uses data since the E-mini introduction. The

red dashed line estimates the means before and after using the 3-month window in

the plot, with a linear transition between to reflect the transition window induced

by rolling returns. It is clear from the plot that the relative variance of the S&P 500

increased overnight after the introduction of the E-mini.

However, for our story to be correct, we also need that the E-mini generated sig-

nificant trading in the S&P 500 when it was introduced. Panel B adds the (log) total

volume of S&P 500 futures contracts and shows they indeed rise with the introduc-

tion of the E-mini. We use a 22 day rolling average of total volume in S&P 500 futures

contracts to match the window at which volatility is computed. Thus, we see the rise

in relative volatility coinciding with a large increase in trading activity in the S&P 500,

consistent with our story.

Table 4 tests the increase formally. Because the dependent variables are 22-day

rolling averages, a simple pre/post dummy gets the timing wrong: on September 10

only 1 of 22 observations in the rolling window is post-launch. We therefore use a

ramp variable that equals zero before the E-mini launch, increases linearly from 0 to

1 over the next 22 trading days, and equals one thereafter. The dependent variable in

column (1) is the log ratio of overnight-to-intraday variance for the value-weighted

market return, controlling for the corresponding log ratio computed from idiosyn-

cratic stock returns. The ramp coefficient is 0.43 (t = 7.9), meaning the market’s
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Panel A: Variance Ratio with E-mini introduction
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Panel B: Volume in S&P futures lines up with increased volatility
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Figure 7: The Introduction of the E-mini Futures and the Effects on Volatility.

Panel A plots the log of the ratio of overnight-to-intraday variance for the market relative to indi-
vidual stocks, using 22-day rolling windows around the E-mini introduction (Sept 9, 1997). The
red dashed lines show pre- and post-event means with a ramp connecting them. Panel B adds the
log of total S&P 500 futures volume (22-day rolling average) on the right axis.
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Table 4: The E-mini, Futures Trading Hours, and Overnight Market Variance

Notes. The dependent variable in column (1) is the log ratio of overnight-to-intraday variance for the
value-weighted market return (top 500 stocks by prior-Dec market capitalization), controlling for the corre-
sponding log ratio of idiosyncratic stock returns, value-weighted across stocks. The idiosyncratic return is
defined in the text. Column (2) uses log total S&P 500 futures volume. Both dependent variables are 22-day
rolling averages. The E-mini ramp variable equals 0 before September 9, 1997, increases linearly from 0
to 1 over the next 22 trading days, and equals 1 thereafter, matching the rolling window over which the
effect builds. The sample window for columns (1)–(2) is March 1997 to March 1998. Column (3) pools four
CME schedule changes in ±6-month windows with event fixed effects: the GLOBEX listing of the full-size
contract (September 20, 1993, 16.25 overnight hours), the E-mini (September 9, 1997), the session expansion
of September 29, 2003 (0.75), and the maintenance window of November 19, 2012 (−0.25). The three hours
changes enter as a linear dose in hours (Post × ∆Hours) and the E-mini as its own indicator; each event
window keeps its own coefficient on the idiosyncratic control; Newey-West standard errors (44 lags) are
computed within event blocks. The E-mini coefficient in column (3) differs from column (1) only because
the window is ±6 months (252 observations for that event) rather than March 1997 to March 1998. The
per-event estimates are in Table 15. HAC standard errors (Newey-West, 44 lags) in parentheses. ***, **, *
denote significance at the 1%, 5%, and 10% level.

(1) (2) (3)
E-mini E-mini Pooled, four CME changes

Log Market Var Ratio Log Volume Log Market Var Ratio

E-mini ramp (access) 0.434*** 0.599*** 0.430***
(0.055) (0.048) (0.058)

Post × ∆Hours (per hour) 0.0301**
(0.0120)

Log idio stock var ratio 0.858*** Y (event-specific)
(0.169)

Event FE Y
Observations 273 273 1,006
R-squared 0.528 0.839 0.44

overnight variance relative to intraday rose by about 50% (e0.43 ≈ 1.5) after the E-mini

launch, relative to the same ratio for stocks. Column (2) shows log futures volume

rose by 0.60 over the same window, an increase of roughly 80%.

3.1.3 Futures Trading Hours, Access, and Overnight Market Variance

The E-mini is one step in a larger shift. Over the past thirty years, index trading has

moved steadily into the overnight hours, and overnight volatility has increased with

it. Figure 8 plots the volatility of the market return using 5-year rolling windows as
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in our main plots earlier, but splits returns into overnight (close to open) and intraday

(open to close). A substantial amount of the increase in volatility over the past 30

years comes from overnight returns: overnight volatility rises from about 4% in the

mid-1990s to about 14% in the most recent window, and the ratio of overnight to

intraday volatility goes from under 60% around 2000 to over 90% today.
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Figure 8: The Rise of Overnight Volatility on the Market.

5-year rolling standard deviation of the value-weighted market return, split into overnight (close-
to-open) and intraday (open-to-close) components.

This rise coincided with the growth of overnight index trading: overnight activity

in S&P 500 futures has grown steadily relative to daytime activity since the E-mini

launch (Figure 24 in the appendix).

But is this rise in overnight volatility driven by the kind of trading our theory pre-

dicts? We now decompose overnight returns for individual stocks into a systematic

component (driven by the market) and an idiosyncratic component (stock-specific).

Our prediction is sharp: because index futures allow investors to trade the market

overnight but not individual stocks, the systematic component of overnight variance

should rise when overnight index trading expands, while the idiosyncratic compo-

nent should not.
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Setup. We construct four daily variance series from the 500 largest U.S. common

stocks by market capitalization, re-selected at the start of each year from 1993 to 2024:

market overnight, market intraday, idiosyncratic overnight, and idiosyncratic intra-

day. The market return is the value-weighted return across the top 500 stocks, and

idiosyncratic returns impose a unit market beta (ri,t − rm,t), exactly as in the E-mini

event study; overnight and intraday returns use the same construction anchored on

CRSP total returns. The object of interest is the daily triple-difference

TDt =
(

log Vovn
mkt,t − log Vintra

mkt,t
)
−
(

log Vovn
idio,t − log Vintra

idio,t
)
, (5)

the log ratio of overnight-to-intraday market variance relative to the same ratio for

idiosyncratic returns, the object plotted in Figure 7. Same-day intraday variance con-

trols for anything that moves overall volatility on a given day; the idiosyncratic ratio

controls for market-wide changes in overnight information flow that affect stocks in

general. The remainder is specific to the market’s overnight window, where index

futures trade and individual stocks do not.

The record. Table 14 in the appendix gives the exchange’s own record of trading

hours, sourced line by line. Hours available for trading S&P 500 futures outside NYSE

regular hours were essentially zero until September 20, 1993, when CME listed the

full-size contract on GLOBEX and overnight hours went from a quarter of an hour

(the pit’s tail after the NYSE close) to 16.5 per weekday. The E-mini in September

1997 added at most half an hour. The September 2003 session expansion added three

quarters of an hour and the November 2012 maintenance window removed a quar-

ter. Thus, the futures market gave the index two distinct things at two distinct dates:

hours, in 1993, and access, in 1997.

Specification. We treat the two channels separately:

TDmkt
t = ae + βH Postt × ∆Hourse + βA 1[E-mini]t + γe TDidio

t + εt, (6)
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where the dependent variable is the 22-day rolling log ratio of overnight-to-intraday

market variance, the control is the corresponding idiosyncratic ratio with its own co-

efficient in each event window, and Postt is the ramp used in Table 4, rising from zero

to one over the 22 trading days after each event. Each event gets a ±6-month win-

dow and an event fixed effect ae. The three hours changes (1993, 2003, 2012) enter as

a linear dose in hours, so βH is the effect of one additional hour of overnight index

trading. The E-mini gets its own indicator, so the hours channel is not asked to absorb

an access event whose hours change is at most half an hour. Newey-West standard

errors use 44 lags, since consecutive observations of a 22-day rolling series overlap by

21 days, and are computed within event blocks. The design mirrors Table 3: pool the

events, absorb event fixed effects, identify from within-event variation, so that any-

thing that evolves smoothly, such as growing demand for around-the-clock trading or

the globalization of information flow, cannot produce a step at a CME schedule date.

Results. Column (3) of Table 4 pools the four CME schedule changes. The hours

coefficient is βH = 0.030 (t = 2.5): each hour of overnight index trading raises the

market’s overnight variance by about 3% relative to stocks, so the 16.25 hours that

opened in 1993 raise it by e0.49 ≈ 1.6, or 60%. The access coefficient is βA = 0.43 (t =

7.4), the E-mini estimate of column (1) re-estimated inside the pooled design: access

raised overnight market variance a further 50% with almost no change in hours. Both

channels come with more futures trading, by 0.60 log points at the E-mini (column (2))

and by 0.17 at the GLOBEX listing (Table 15). The per-event estimates are in Table 15

in the appendix: the 1993 listing alone gives 0.48 (t = 2.5), while the 2003 and 2012

changes are a fraction of an hour each and imprecise.12

The per-hour effect is small because in 1993 the overnight session existed but was

thin, and the overnight variance ratio therefore builds over the following years as

volume arrives (Figure 8) rather than stepping at the hours change. Hours are neces-

12Two measurement choices bias these estimates toward zero. Idiosyncratic returns impose a unit market
beta, and where a stock’s true beta differs from one the idiosyncratic ratio retains some market exposure,
which the control then absorbs. In addition, more firms moved their earnings releases to after the close over
the sample, which raises idiosyncratic overnight variance, the control, and therefore lowers the estimate.
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sary for overnight index trading, not sufficient. Because the 2003 and 2012 changes

are fractions of an hour, the pooled dose is identified almost entirely by 1993. The

appendix takes up the robustness of both large events (Table 16).

Over the full 1993–2024 sample, the market-overnight cell rises about 2.1% per

year relative to the other three cells (SE 0.4%), from a stacked regression of the four

log-variance cells on cell-specific trends. That is a description, not identification: over

three decades the growth of overnight index trading is collinear with everything else

that changed in market structure. The event evidence identifies the two channels

locally, and the trend describes what they grew into.

3.1.4 Turning Index Trading On and Off Within the Day

Where the experiments so far compare periods before and after a change in the ability

to trade, the last design compares hours within a single day.

Consider first the null hypothesis. If prices move because news arrives, then vari-

ance accumulates on the clock whether or not a market is open. Closing the market

defers the adjustment, and the deferred price changes show up as a jump when trad-

ing resumes. Under that view the squared jump across a closure should have as much

variance per hour as those same hours would have if the market were open. Under

our view it should carry much less, because part of the variance is generated by trad-

ing itself. French and Roll (1986) ran this test on the NYSE’s 1968 Wednesday closures

and found the jump small. We run it on the index futures market, where CME’s sched-

ule supplies closures inside a day, and where the thing that is switched on and off is

the ability to trade the index and nothing else.

Two windows on one day. On a U.S. market holiday the NYSE is closed all day,

so no individual stock can trade. S&P 500 futures open the evening before, trade

through the morning, and halt at midday; from the halt until the evening reopen,

nothing trades at all. Thus, one holiday supplies two windows back to back. In the

morning the index can be traded and its components cannot: the only claim anyone

in the world can buy or sell is the market as a bundle. In the afternoon nothing can be
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traded. The two windows share the same day, the same news flow, the same season,

and the same state of the world, and the only thing that changes is whether a market is

open. Panel A of Figure 9 shows what that does to the price. On an ordinary weekday

the afternoon is the busiest part of the session; on a holiday the afternoon rate declines

to a level far below the same day’s morning and below an ordinary weeknight.

Moreover, the boundary moved: in 2014 CME moved the holiday halt from 10:30

to noon Chicago time. The clock window 10:30–12:00 on a holiday is therefore dead

before 2014 and index-only after it, and fully open on ordinary days. Panel B of Figure 9

plots the hour-of-day profile of variance on holidays before and after the change, each

scaled by its own overnight rate. The same clock window on the same kind of day is a

small fraction of the overnight rate when it is shut and at or above the overnight rate

when the index trades. This is the comparison the tables below turn into a number,

and it rules out the objection that mornings are simply busier than afternoons.

Specification. Let Vd,w be the variance per hour of the futures price on day d in

clock window w, measured in levels from five-minute bars. A shut window has no

bars, and its variance is therefore one squared increment, from the halt price to the

price five minutes after the reopen, spread over the shut minutes plus five. We use five

minutes as a conservative choice to avoid stale reopens. For every weekday from 2004

to 2019 we take the 10:30–12:00 window and subtract the same day’s overnight rate

over 20:00–07:00 Central. In that overnight window only the index trades on every

kind of day, and the news is Asian and European rather than U.S., and therefore a

quiet holiday is quiet in both windows and the level cancels within the day. We then

estimate

Vd, 10:30–12:00 − Vd, 20:00–07:00 = a + βI 1[index tradeable]d

+ βB 1[ordinary business day]d + εd. (7)

Dead is the baseline. The two indicators nest, and therefore βI is the increment from

turning the index on, identified from holidays before and after 2014, and βB is the
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Panel A: Variance by hour of day, ordinary weekdays and holidays
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Panel B: The 10:30–12:00 window on holidays, before and after the 2014 halt change
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Figure 9: Index Trading Against a Shut Market.

Variance per hour of the E-mini S&P 500 futures price by hour of day (Central time), from five-
minute bars. Panel A: hours-weighted average over ordinary weekdays and over NYSE holidays,
July 2003 to March 2020, log scale, with NYSE regular hours marked. On holidays futures halt at
10:30 (before 2014) or noon (after) and reopen at 17:00; the shaded region marks the shut afternoon,
whose variance is one jump from the halt to the reopen, drawn as its average rate; the band is a
95% interval. Panel B: mean profile in 15-minute blocks on Monday–Thursday holidays halted at
10:30 (2004–2013, 57 days) and at noon (2015–2019, 29 days), and on ordinary Tuesday–Thursday
weekdays, each relative to its own 20:00–07:00 overnight rate; a shut window’s variance is one
increment from the halt price to the price five minutes after the reopen. In the 10:30–12:00 window
the dead window is at 0.07 of the overnight rate and the index-only window at 1.77. Panel B
classifies holidays by calendar year, omits 2014, and keeps September 2, 2019; Table 5 keys the
change to its date, May 26, 2014, includes the 2014 holidays, and excludes September 2, 2019, so
the two samples differ slightly (58 and 33 days in the table). Without September 2, 2019 the index-
only window is at 0.85.
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further increment from an ordinary business day, on which the cash market is open

and U.S. news arrives. Under the null βI = 0: the jump carries the same variance

per hour as live trading would. The sample is every scheduled holiday session with

a same-day reopen (Monday through Thursday holidays; one-off closures such as

Hurricane Sandy are excluded), which gives 58 dead afternoons and 33 index-only

mornings, against 4,188 ordinary days. We exclude Labor Day 2019, whose morning

carried the September 1, 2019 tariff announcement and on its own accounts for half

of the index-only cell’s variance; with it in the estimate is larger, and the appendix

reports it. Standard errors come from a bootstrap over days.

Results. Table 5 presents the results. Turning the index on multiplies variance per

hour by 13 (t = 7.2), against a null of one: on the same holiday, an hour in which

the index can be traded has thirteen times the variance of an hour in which nothing

trades. With day-of-week fixed effects the ratio is 12.6. Column (3) makes the com-

parison within each holiday, using a panel of 15-minute buckets with time-of-day and

day fixed effects, so each holiday’s index-only morning is set against its own dead

afternoon and the day’s level of news drops out; that gives ×11.3 (t = 3.3). Column

(4) is the 2003 schedule change described next. Across the columns the index margin

runs from ×2.4 to ×13, and in each the null that the index adds nothing is rejected.

We do not report βB as a clean effect, because an ordinary weekday differs from a

holiday by a business day’s worth of U.S. news as well as by the cash market being

open, and this design cannot separate the two. The coefficient we are interested in is

βI , whose two cells are both holidays, so that the absence of U.S. news and of the cash

market is common to both and only the futures market’s state differs.

The 2003 schedule swap. On Monday, September 29, 2003, CME moved the E-

mini’s nightly one-hour shutdown from 22:00–23:00 to 16:30–17:00 Central. Two clock

windows changed state on the same date, in opposite directions: the late-evening

hour went from shut to open, and the half hour beginning at 16:30 went from open
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Table 5: Index Trading Against a Shut Market

Notes: Each cell is one plus the estimated coefficient on the index-tradeable indicator divided by the
dead cell’s mean of the dependent variable, i.e. the ratio of variance per hour when only the index
can be traded to variance per hour when nothing trades; a ratio of one means the index adds nothing.
The t-statistic in parentheses is for the coefficient itself, against zero, so it tests that null. Variance
per hour is from E-mini S&P 500 five-minute bars, in levels; a shut window’s variance is one squared
increment, from the halt price to the price five minutes after the reopen, spread over the shut minutes
plus five. Columns (1)–(2): the 10:30–12:00 CT window on every weekday 2004–2019, which is dead on
holidays before the 2014 halt change (58 afternoons), index-only on holidays after it (33 mornings), and
fully open on ordinary days (4,188); the same day’s overnight rate (20:00–07:00 CT) is subtracted; an
ordinary-business-day indicator is included, so the reported coefficient compares holidays to holidays.
Column (3): every 15-minute bucket of every scheduled holiday session, with time-of-day and day
fixed effects, so the comparison is the index-only morning against the same day’s dead afternoon.
Column (4): the two windows the September 29, 2003 schedule change moved (16:30–17:00, open then
shut; 22:00–23:00, shut then open) against the same day’s 18:00–20:00, with day and window fixed
effects, Monday–Thursday, July 2003 to March 2004. Holiday cells use scheduled sessions with a same-
day reopen (Monday–Thursday; unscheduled closures excluded); September 2, 2019 is excluded from
every column and Table 18 reports the estimate with it. t-statistics from a day bootstrap (2,000 draws)
in columns (1), (2), and (4); clustered by day in column (3), where the bucket count overstates the
effective sample. Appendix Table 17 reports the same columns under log, Poisson, and free-control
specifications, together with the same bucket panel run on all weekdays, and Table 18 reports sample
cuts.

Matched window, day level 15-min bucket panel 2003 swap
one window per day, holidays holidays day × window

(1) (2) (3) (4)

Index tradeable vs. nothing trading ×13.1 ×12.6 ×11.3 ×2.4
(7.2) (5.7) (3.3) (2.9)

Same-day overnight subtracted Y Y
Day-of-week FE Y
Time-of-day FE Y
Day FE Y Y
Window FE Y
Observations 4,279 4,279 8,736 372

to shut.13 That structure rules out the usual worry about hours changes, that the ex-

change expanded hours because demand was growing. Figure 10 plots the evening

profile before and after: prices stop moving at 16:30 and start moving at 22:00. Col-

umn (4) of Table 5 compares the two switched windows with the same day’s 18:00–

20:00, with day and window fixed effects, Monday through Thursday, July 2003 to

13A third window also changed: the afternoon reopen moved from 15:45 to 15:30, so 15:30–15:45 went
from shut to open. That window falls in the slot in which companies release earnings after the NYSE close,
so it measures when earnings get priced rather than whether trading generates variance, and we exclude it.

38



March 2004. Open versus shut is ×2.4 (t = 2.9): the same clock window has 2.4 times

the variance per hour when the E-mini trades as when it is shut. The hour that opened

rises by a factor of 4.5 (t = 4.0); the half hour that shut falls to two thirds of its former

rate (t = 0.9).

16:00 17:00 18:00 19:00 20:00 21:00 22:00 23:00 24:00
Time of day (Central)

10 1

100

Va
ria

nc
e p

er
 h

ou
r,

re
lat

iv
e t

o 
ow

n 
ov

er
ni

gh
t own 02:00-08:00

16:30 17:00
open  shut

22:00 23:00
shut  open

Sept 29, 2003: nightly shutdown moved from 22:00 to 16:30

Before Sept 29, 2003  (32 days)
After  (65 days)

Figure 10: The 2003 Schedule Swap: Variance by Time of Evening Before and
After CME Moved the Nightly Shutdown.

Variance per hour of the E-mini S&P 500 futures price by 15-minute block, 16:00–24:00 Central, log
scale, each era divided by its own 02:00–08:00 rate, averaged over Tuesday–Thursday evenings
before (July 1 to September 26, 2003, 32 days) and after (September 29, 2003 to March 26, 2004,
65 days) the September 29, 2003 schedule change, which moved the nightly one-hour shutdown
from 22:00–23:00 to 16:30–17:00. A shut window’s variance is one increment from the halt price to
the price five minutes after the reopen, drawn dotted. The August 14, 2003 blackout evening and
the quarterly roll weeks are excluded.

The 2003 estimate is smaller than the holiday estimates because the windows

are short and fall in the least active hours of the day, and therefore the shut side is

bounded below by price discreteness. The 2003 swap establishes when prices move:

at the hour the exchange is open and not at the hour it is shut, in both directions on

the same date.
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Objections. The dead-zone comparison invites four objections, and each can be

answered with the data in hand.

Since news is priced at the reopen, one concern is that dead afternoon variance could be

undercounted. Our construction already charges the reopen’s first five minutes to the

closure in full, and that is more than the catch-up warrants: charging only the reopen’s

excess variance over an ordinary day’s reopen, all the way through 19:00, leaves the

holiday morning at more than twenty times the dead afternoon’s rate.

10:30 Chicago is the European close; the pre-2014 afternoon is quiet because Europe went

home. The 2014 move answers this: after 2014 the halt comes at noon, ninety minutes

after Europe closes, so the two events separate on the same holiday. Holiday variance

runs at 0.009 percent squared per hour with Europe open, rises to 0.021 after Europe

closes at 10:30, and drops by an order of magnitude at the noon halt. Variance declines

at the halt, not at the European close. Daylight saving time gives a direct estimate of

Europe’s share: the U.S. and E.U. switch on different Sundays, so for a few weeks a

year Europe closes at 11:30 Chicago while CME’s clock stays put. Switching Europe’s

state is worth 0.48 log points of variance per hour against a pre-2014 holiday drop of

3.14, so Europe explains at most about 15% of it. Tokyo’s close explains nothing, and

foreign news reaching the tape while U.S. stocks are shut is in any case the mecha-

nism, not an alternative to it: an index-only market prices information its components

cannot trade on.

Holidays are quiet, so of course the afternoon is quiet. Then the morning would be

quiet too, and it is not. In matched index-only hours, midnight to 8am Chicago on

both holidays and ordinary days, holidays run at about 60% of a normal day’s rate:

quieter, not dead. And the within-day normaliser in (7) removes the level of holiday

quiet entirely.

Variance measured from transaction prices includes bid-ask bounce, and bounce requires

trades. Fong and Frino (2001) raise exactly this for the drop in index-futures volatility

when the cash market closes. The bounce variance implied by the first-order autoco-

variance of five-minute returns is about 11% of the measured live rate, which cannot

produce a ratio of 13.
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Relation to prior estimates. The total open-versus-shut ratio is old. French and

Roll (1986) report per-hour variance during trading hours at 13 times its value across

mid-week holidays and 72 times across weekends; Stoll and Whaley (1990) report

about 16 for daytime versus overnight on the NYSE. Our all-weekday appendix es-

timate is that number on the index (Table 17). Chang et al. (1995) show on S&P 500

futures that volatility falls after the NYSE close and name the behavior of futures

prices while the underlying market is shut as an open question. The new object is

the index-only cell against a dead baseline. The closest magnitude comes from a cash

market: Ito et al. (1998) find that yen variance over the Tokyo lunch hour doubled

when lunchtime trading was allowed in 1994, with no change in public news. Our

estimates for switching the index on are five to seven times that. The leading theory

of periodic closure, Hong and Wang (2000), delivers a trading-to-nontrading ratio of

1.0 to 1.12 with constant information flow: a floor far below our estimates rather than

an explanation of them.

3.1.5 Sizing Up the Experiments

Each experiment identifies a local effect: an elasticity to trading hours, a step at an

access change, a within-day contrast. While none of them is a decomposition of the

seventy-year rise, the first two can be chained. Figure 11 takes the estimated coeffi-

cients at face value, applies them to the actual history of trading hours and access,

and asks how much of the rise in volatility they would have produced on their own.

The chain runs as follows. The NYSE experiments say that weekly volatility moves

with weekly trading hours with an elasticity of about 1.4 (half the variance elasticity

of 2.7 in Table 3, Panel B). Weekly hours went from 27 to 32.5 across the schedule

changes of 1952–1985, which takes a 10% baseline to about 13% by 1985. The futures

experiments say that each overnight hour of index trading raises overnight market

variance by 3% and that the E-mini raised it by a further 50%; the overnight cell was

about a quarter of daily market variance in the mid-1990s. Applying the 1993 hours

and the 1997 access step to that cell, and holding intraday variance fixed, multiplies

daily market variance by about 1.4 and takes 13% to about 15%.
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Figure 11: Volatility Implied by the Experiments, Against the Actual Series.

The black line is the 5-year rolling annualized volatility of the daily market return, as in Figure 1.
The red line starts at 10% in 1950 and applies two sets of estimates to the actual history of trading
hours and access. NYSE hours: the elasticity of weekly volatility to weekly trading hours from
Table 3, Panel B (1.37, half the variance elasticity), applied to the schedule changes of 1952–1985,
over which weekly hours went from 27 to 32.5. Index futures: the per-hour effect on overnight
market variance from Table 4, column (3) (0.030 per hour), applied to the record of overnight
futures hours in Table 14, plus the E-mini access effect (0.43) from September 1997, both applied
to the overnight cell only, which is 25% of daily market variance measured over 1993–97 (after
the 1993 change; the pre-1993 window is too short to use). Intraday variance is held fixed. The
implied series is shown as a 5-year moving average to match the actual.

Actual five-year rolling volatility went from about 10% in the 1950s to about 18%

in the most recent window, and the implied path covers 5.2 of those 7.7 percentage

points: the experiments account for over half of the rise.14 The identified channels are

the right order of magnitude for the headline fact, and their timing matches the actual

series.
14Against the fitted trend of Table 1, which ends near 20% because the five-year window ending in 2025

is below the trend line, the share is about half; in variance rather than volatility units it is about 60%. The
10% starting point is the level of the actual series in the mid-1950s.

42



4. A model of index trading and market returns

The evidence above points to two related changes in how the market is traded. In-

vestors increasingly trade market-wide positions rather than individual stocks, and

index products increasingly allow those positions to be traded throughout the day. In

this section, we present a simple model with both margins. Following Merton (1987),

we consider an economy where investors initially trade only a subset of available fi-

nancial assets. When an index-trading vehicle is introduced, investors can express

the market-level component of their demand directly through the diversified market

claim. As in Campbell, Grossman, and Wang (1993) (henceforth, CGW), risk-averse

arbitrageurs absorb the resulting order flow.

The second margin is trade time. Some investor demand evolves with trading

opportunities rather than calendar time, so expanding the number of trading oppor-

tunities within a day can increase the amount of demand pressure that reaches prices.

The model also accounts for the change in short-run return dynamics documented

above: early in the sample, market returns exhibit continuation, while modern returns

exhibit reversal. We capture the early continuation by allowing common fundamen-

tal news to be incorporated gradually across stocks, while transitory demand pressure

generates reversal. Index trading affects both forces: it amplifies the market-level ef-

fect of demand pressure and, in the benchmark, speeds the incorporation of common

information, while more trading opportunities increase the amount of transitory de-

mand pressure generated within a day.

4.1 Asset market without index trading

We first consider an economy without an index-trading vehicle. There are N risky

assets with an N × 1 vector of dividends dt, which follow random walks,

dt+1 = dt + εF
t+1, εF

t+1 ∼ N(0, σ2
FCF), (8)
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where σ2
F is the variance of each stock’s dividend innovation and CF is the correla-

tion matrix with constant pairwise correlation ρF. Fundamental news is permanent

and evolves in calendar time, independently of the number of trading opportunities

within a day.

There is a unit mass of behavioral investors and a competitive, fully informed

arbitrageur who can trade all assets. All agents have CARA utility with absolute risk

aversion a and choose myopic, one-period portfolios. Given Gaussian payoffs, their

demands take the mean–variance form. The risk-free asset has gross daily return

R f > 1 and is supplied elastically. We set supply xi = 1/N for each risky asset i. The

arbitrageur has rational expectations, denoted by EA
t (·). Since dividend levels follow

random walks, EA
t [di,t+1] = di,t for all i.

Behavioral investors are evenly distributed across N stock-specialist groups, with

each investor trading only one stock in addition to the risk-free asset. Their expected

returns differ from those of the fully informed arbitrageur in two ways: they incor-

porate common fundamental news gradually, and their expectations are affected by

transitory nonfundamental beliefs (animal spirits). The latter depend on the number

of trading opportunities within a day, as specified below.

Let EB
t (·) denote the average subjective expectation within the specialist group

for stock i, and let d̂i,t ≡ EB
t [di,t+1] denote its average dividend forecast. Decompose

dividends into common and stock-specific components, di,t = dm,t + d⊥i,t, where dm,t ≡

N−1 ∑j dj,t.

We abstract from delays in the incorporation of stock-specific fundamental news,

while allowing gradual updating of the common component. The average stock-

specialist forecast is

d̂i,t = d⊥i,t + d̂ stk
m,t , d̂ stk

m,t = (1 − αstk)d̂ stk
m,t−1 + αstkdm,t, (9)

where αstk ∈ (0, 1] governs the speed at which common fundamental news enters

stock investors’ expectations. When αstk = 1, their average dividend forecast equals

the rational forecast. When αstk < 1, new permanent common dividend news is in-
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corporated gradually. Appendix B.4 rationalizes this updating rule through a costly

monitoring decision; here we take the updating rate as given.

Define the difference between stock specialists’ average dividend forecast and the

rational forecast as δi,t ≡ EB
t [di,t+1]− EA

t [di,t+1]. Under our information assumptions,

δi,t = d̂i,t − di,t = d̂ stk
m,t − dm,t. Thus, the dividend forecast gap is identical across stocks:

it reflects delayed incorporation of common fundamental news.

The second belief distortion captures transitory, nonfundamental shifts in expected

returns (animal spirits). Let zi,t denote this distortion for investors specialized in stock

i, and let S ≥ 1 denote the number of trading opportunities within a day. At the daily

frequency,

zi,t+1 = λzi,t + uz
i,t+1, 0 ≤ λ < R−1

f , (10)

where the innovations are jointly Gaussian, serially independent, and independent of

fundamental news, with

Var
(
uz

i,t+1 | S
)
= σ2

ηS1−ξ ,

Corr
(

uz
i,t+1, uz

j,t+1

)
= ρz, i ̸= j,

(11)

where ξ ∈ [0, 1].

The parameter λ governs the persistence of demand pressure in calendar time,

while ξ governs how new demand-pressure risk scales with trading opportunities.

At ξ = 0, the daily innovation variance increases proportionally with S; at ξ = 1, it is

independent of S. Thus, lower ξ implies a stronger trade-time shock-arrival channel.

The Appendix constructs an intraday market with S explicit trading opportunities and

shows that sampling it at daily boundaries reproduces equations (10)– (11) exactly.

Let Pi,t denote the end-of-day price of stock i. Its one-day excess dollar payoff,

which we refer to as its return for brevity, is

Πe
i,t+1 = Pi,t+1 + di,t+1 − R f Pi,t.

The average expected return among investors specialized in stock i differs from

the arbitrageur’s rational expectation through the two belief distortions introduced
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above:

EB
t
(
Πe

i,t+1
)
= EA

t
(
Πe

i,t+1
)
+ gi,t + zi,t, (12)

where gi,t reflects stale fundamental information and zi,t captures transitory animal

spirits. Because dividend news is permanent, a forecast error affects both the next

dividend and its continuation value. Consequently, gi,t =
R f

R f −1 δi,t, as derived in the

Appendix. Since δi,t is common across stocks, so is gi,t.

Define the market-level belief distortions as

gstk
m,t ≡

1
N

N

∑
i=1

gi,t, zm,t ≡
1
N

N

∑
i=1

zi,t.

By symmetry, these aggregate belief distortions are the only behavioral states affecting

the market price, in addition to the fundamental dividend level.

Proposition 1. Let

Pm,t ≡
N

∑
i=1

xiPi,t =
1
N

N

∑
i=1

Pi,t

denote the price of the market portfolio. The equilibrium market price in the economy without

index trading is

Pm,t = pS +
dm,t

R f − 1
+ bF

m,Sgstk
m,t + bm,Szm,t, (13)

where

bF
m,S =

ψS
1 + ψS

1
R f − (1 − αstk)

, bm,S =
ψS

1 + ψS

1
R f − λ

, (14)

and ψS ≡ vm,S/vS < 1. Here pS is a constant reflecting the equilibrium risk-premium

discount, vS is the common conditional one-day return variance of an individual stock, and

vm,S is the corresponding market return variance. These variances are determined jointly with

the equilibrium price coefficients.

The term ψS captures the effect of investor underdiversification. Behavioral in-

vestors trade individual stocks and therefore bear idiosyncratic risk, making their de-

mand less sensitive to a given market-level belief distortion than that of the diversified

arbitrageur. Since their respective demand sensitivities are proportional to 1/vS and

1/vm,S, market clearing gives behavioral beliefs a weight of ψS/(1 + ψS). Thus, un-
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derdiversification attenuates the impact of both fundamental belief distortions and

transitory demand pressure on the market price.

The two belief distortions have different implications for return dynamics. Define

the market-level innovations in demand pressure and fundamentals as

uz
m,t+1 ≡ 1

N

N

∑
i=1

uz
i,t+1, εF

m,t+1 ≡ 1
N

N

∑
i=1

εF
i,t+1.

Since demand pressure enters the market price with loading bm,S, its contribution to

the one-day excess return is

bm,S(zm,t+1 − R f zm,t) = bm,Suz
m,t+1 − (R f − λ)bm,Szm,t.

New demand shocks move returns on impact, while existing demand pressure sub-

sequently reverses. In particular, a positive zm,t raises the current price but predicts a

lower subsequent expected excess return.

Gradual incorporation of common dividend news produces the opposite return

dynamics. Since the fundamental belief distortion enters the market price with load-

ing bF
m,S, its contribution to the one-day excess return is

bF
m,S(gstk

m,t+1 − R f gstk
m,t)

= −
R f

R f − 1
(1 − αstk)bF

m,SεF
m,t+1 −

[
R f − (1 − αstk)

]
bF

m,Sgstk
m,t,

where we use the updating rule for common fundamental news.

A positive permanent dividend innovation raises fundamental value, but also cre-

ates a negative belief distortion gstk
m,t+1, so the market price initially rises by less than

its full-information response. As investors gradually incorporate the news, the be-

lief distortion disappears and prices continue to adjust upward. Thus, gradual in-

corporation of permanent fundamental news generates return continuation, whereas

transitory demand pressure generates reversal.

To connect these return dynamics to the empirical evidence, let Vh(S) denote the

variance of cumulative market returns over h daily periods, with S trading opportu-
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nities per day. Define the variance ratio

VR1,h(S) =
hV1(S)
Vh(S)

. (15)

The ratio equals one for serially uncorrelated returns, falls below one with return con-

tinuation, and rises above one with return reversal; as in Section 2, we report its log,

which is zero, negative, or positive in the three cases. Gradual incorporation of per-

manent fundamental news generates continuation, while transitory demand pressure

generates reversal.

For ξ < 1, increasing S raises the variance of daily demand-pressure innovations

while leaving the distribution of fundamental news unchanged. More trading op-

portunities therefore increase the relative importance of transitory demand pressure,

pushing the variance ratio toward reversal. This trade-time channel weakens as ξ

approaches one.

4.2 Asset market with index trading

We next introduce an index fund that allows investors to trade the diversified market

portfolio directly. A fraction ω ∈ [0, 1] of behavioral investors, drawn symmetrically

from the stock-specialist groups, switches from individual stocks to the index fund;

the remaining fraction 1− ω continues to trade individual stocks. We refer to ω as the

index-participation share.15 The index fund is a pass-through claim on the underlying

stocks and creates no new supply of risky cash flows. Normalizing one share of the

fund to hold one unit of the market portfolio, its price and dividend are Pm,t and dm,t,

and its one-day excess payoff is Πe
m,t+1 = Pm,t+1 + dm,t+1 − R f Pm,t.

Write each stock’s transitory belief distortion as zi,t = zm,t + z⊥i,t, where z⊥i,t ≡

zi,t − zm,t is the stock-specific component. These stock-specific components cancel in

the diversified market portfolio. Investors who switch to the index fund act on the

common distortion zm,t. Index trading thus allows the same market-level demand sig-

nal to be expressed directly through a diversified claim rather than indirectly through

15We treat ω as exogenous; limited participation can reflect direct or nonpecuniary costs of switching.
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individual stocks.

Let EB,idx
t (·) denote the average subjective expectation among index investors. As

with stock specialists, their expected excess return differs from the arbitrageur’s ra-

tional expectation through fundamental and nonfundamental belief distortions:

EB,idx
t

(
Πe

m,t+1
)
= EA

t
(
Πe

m,t+1
)
+ gidx

m,t + zm,t, (16)

where gidx
m,t captures delayed incorporation of common fundamental news, while zm,t

is the same market-level demand distortion introduced above.

Let d̂idx
m,t ≡ EB,idx

t [dm,t+1] denote the average dividend forecast among index in-

vestors. Since market dividends follow a random walk, the arbitrageur’s rational

forecast is EA
t [dm,t+1] = dm,t. Index investors incorporate common fundamental news

at rate αidx:

d̂idx
m,t = (1 − αidx)d̂idx

m,t−1 + αidxdm,t, (17)

where αidx ∈ (0, 1]. The resulting dividend forecast gap is δidx
m,t ≡ d̂idx

m,t − dm,t. As with

stock specialists, this gap generates an expected-return distortion gidx
m,t =

R f
R f −1 δidx

m,t.

We allow αidx > αstk. Both groups process the same common dividend news, but

index investors can act on it through a diversified claim without bearing idiosyncratic

stock risk. This makes common information more valuable to monitor through the

index. Appendix B.4 shows how this diversification advantage can rationalize the

faster updating rate of index investors.

For compactness, define ∆S(ω) ≡ 1 + ω + (1 − ω)ψS. The three terms reflect

the market-level demand sensitivities of the arbitrageur, index investors, and stock

specialists, respectively. The equilibrium return variances vS and vm,S, and hence ψS,

depend on ω; we suppress this dependence in the notation.

Proposition 2. The equilibrium market price with index trading is

Pm,t = pS +
dm,t

R f − 1
+ bF,stk

m,S (ω)gstk
m,t + bF,idx

m,S (ω)gidx
m,t + bm,S(ω)zm,t, (18)

where
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bF,stk
m,S (ω) =

(1 − ω)ψS
∆S(ω)

1
R f − (1 − αstk)

,

bF,idx
m,S (ω) =

ω

∆S(ω)

1
R f − (1 − αidx)

,

bm,S(ω) =
ω + (1 − ω)ψS

∆S(ω)

1
R f − λ

.

(19)

The no-index economy is nested as the special case ω = 0. The equilibrium constant pS

can also depend on ω; we suppress this dependence in the notation.

The index mechanism is easiest to see in the loading on transitory demand pres-

sure, bm,S(ω). When behavioral investors trade individual stocks, they must bear

idiosyncratic risk to act on market-level beliefs, limiting the size of their positions and

attenuating their price impact. Trading the diversified index fund removes this id-

iosyncratic risk, allowing investors to take larger positions in response to the same

market-level demand distortion. As ω rises, the impact of this distortion on market

prices therefore increases.

In the limiting case in which all behavioral investors trade the index fund, their

demand sensitivity equals that of the diversified arbitrageur, giving

bm,S(1) =
1
2

1
R f − λ

,
bm,S(1)
bm,S(0)

=
1 + ψS(0)

2ψS(0)
> 1, (20)

where ψS(0) denotes the no-index value of ψS. Thus, index trading amplifies the price

impact of existing market-level demand pressure without increasing the underlying

demand shock.

In our benchmark, index trading also accelerates the incorporation of common

fundamental news into market prices. Because index investors update more quickly

than stock specialists (αidx > αstk), higher ω shifts price determination toward their

more current beliefs. This reduces the delayed response of prices to permanent news.

The two changes in market structure reinforce one another in generating transi-

tory market volatility. A higher ω increases the price impact of a given market-level

demand distortion, while, for ξ < 1, a higher S increases the variance of new demand-

pressure shocks generated within a day. Additional trading opportunities therefore
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have a larger effect on market volatility when index participation is high.

4.3 Stock-level implications

The model also has implications for stock-level return comovement and trading activ-

ity. We measure market comovement by the R2 from regressing individual stock re-

turns on the market return. We measure intermediated dollar trading at daily bound-

aries by the change in the arbitrageur’s stock position,

Vmodel
i,t = Pi,t

∣∣∣nA
i,t − nA

i,t−1

∣∣∣ . (21)

By market clearing, ∆nA
i,t = −∆nB,net

i,t . As ω increases, more behavioral demand is

expressed through the diversified claim, increasing the common component of stock-

level order flow.

Together with the market-level results above, the model delivers three empirical

predictions. First, more trading opportunities raise short-horizon volatility and push

variance ratios toward reversal, as examined in the trading-hours IVs, the E-mini and

futures-hours experiments, and the within-day holiday design. Second, expanded in-

dex trading opportunities raise systematic variance more than idiosyncratic variance,

since investors can trade the market portfolio directly. Third, the volatility effect of

additional trading opportunities is larger when index participation is high. The Ap-

pendix examines a further implication: when index products were concentrated in

the S&P 500, index membership should have accelerated the incorporation of com-

mon information.

4.4 Benchmark parameterization and comparative statics

We next ask whether plausible changes in index participation and trading opportu-

nities can reproduce the historical rise in market volatility and the shift from return

continuation to reversal. We use empirical evidence to guide parameter choices, cal-

ibrate the scale of demand shocks to early-sample volatility, and choose stylized his-
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torical paths for ω and S. The exercise assesses the quantitative plausibility of the

mechanisms rather than attempting to identify all model parameters.

Benchmark parameters. We set N = 500, interpreting the index as a stylized S&P

500. The pairwise correlations of fundamental innovations and demand-pressure in-

novations are ρF = ρz = 0.25, and the annual gross risk-free return is Rann
f = 1.02. We

set the annualized volatility of market-level fundamental news to 12.8%, correspond-

ing to approximately 25% for individual stocks given N = 500 and ρF = 0.25.

The scale of transitory demand-pressure innovations, ση , is calibrated to target

early-sample daily market volatility and held fixed thereafter. Thus, the model’s sub-

sequent rise in volatility is driven by changes in index participation and trading op-

portunities, rather than changes in shock magnitudes.

For fundamental information, we set αstk = .30, implying a roughly two-day half-

life for stock specialists’ forecast errors, and αidx = 1, so index investors incorporate

common fundamental news without delay at the daily frequency. Appendix B.4 ra-

tionalizes these updating rates through a monitoring problem. At the benchmark

ψS ≃ 0.21, the same common information is about five times as valuable when acted

on through the diversified index. Appendix C provides complementary evidence of

delayed common-information propagation across stocks and of faster information in-

corporation associated with S&P 500 membership when index products were concen-

trated in that index.

Demand-pressure persistence. The persistence of demand pressure determines

how quickly its price impact reverses. We set λ = .90, corresponding to a half-life of

approximately 6.6 trading days. Demand-driven price pressure therefore dissipates

over days and weeks, consistent with the short-horizon return reversal observed in

the modern data.

Trade-time scaling and market structure. The parameter ξ determines how strongly

demand-pressure risk scales with trading opportunities. Motivated by our trading-

hours evidence, we set ξ = .1, so the variance of new demand shocks increases nearly
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Figure 12: Market structure and transitory demand. Panel A plots the annual-
ized contribution of the transitory z component to market volatility as the index-
participation share ω varies, for S = 1, 2, 4 trading opportunities. Panel B plots the
corresponding 21-trading-day log variance ratio. All other parameters are held at
their benchmark values.

proportionally with the number of trading opportunities.

Trading opportunities have expanded from the regular cash-market day to nearly

around-the-clock index trading. We normalize the early trading environment to S = 1

and use the stylized historical paths

S = (1, 1, 2, 4), ω = (.35, .70, .72, .90),

for 1950–70, 1971–90, 1991–2004, and 2005–24, respectively. The path for ω reflects the

broad rise in market-directed trading documented in the data, rather than estimates

of its exact level in each era.

Quantitative implications. Figure 12 illustrates the two mechanisms. Greater in-

dex participation increases the price impact of market-level demand pressure, while

more trading opportunities increase the variance of new demand shocks. Both raise

the transitory component of daily market volatility (Panel A) and push variance ra-

tios toward reversal (Panel B). The two mechanisms reinforce one another: additional

trading opportunities have a larger effect when index participation is high.
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Figure 13: Historical volatility and return dynamics. Panel A compares broad-
market daily volatility with the model; error bars show two standard errors from
a year-block bootstrap. Panel B compares the model with the S&P 500 and Dow
using the log of a horizon-matched variance-ratio estimator. The shaded region
spans the two index benchmarks; the horizontal line marks zero. The S&P 500
first point is 1957–70; the final era is 2005–24.

Figure 13 compares the model with the historical data, using the S&P 500 as the

primary variance-ratio benchmark and the Dow as a second large-stock index bench-

mark.

The parameterization captures both historical patterns that motivate the model.

Daily market volatility rises from about 10% to about 20%, while return dynamics

move from continuation to roughly unpredictable returns and then to reversal. Be-

tween the first two eras, S remains unchanged, and greater index participation moves

the variance ratio toward one. The subsequent expansion of trading opportunities

raises volatility and strengthens reversal. The model’s stock-level R2, the systematic

share of a stock’s return variance, roughly doubles from the early to the modern econ-

omy, from 0.21 to 0.44, while in the data the systematic share of average-stock vari-

ance in Section 2.3.4 rises somewhat less than twofold, from 0.18 to 0.31. The model

slightly overshoots, in part because idiosyncratic variance also increased somewhat

in the data over this period.

Transitory demand pressure rises from 23% of daily market variance in the early
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economy to 61% in the modern economy and accounts for 82% of the modeled in-

crease in variance. Permanent fundamental news remains important for the level of

market risk but does not drive the secular increase. Together, greater index participa-

tion and expanded trading opportunities reproduce the broad historical evolution of

market volatility and return dynamics without requiring an increase in the volatility

of fundamental news.

5. Conclusion

Stock market volatility has roughly doubled over the past 70 years. The increase is

largest at short horizons and reflects a change in the autocorrelation of returns, from

continuation to reversal. Over the same period the stock market transformed, with the

proliferation of index products (index futures, index ETFs, and passive mutual fund

products) and with substantially expanded trading hours for these products. We pro-

vide causal evidence that trading in these products has contributed substantially to

the increase in volatility: wherever the opportunity to trade the index expands, trad-

ing and volatility rise with it, and together the experiments account for over half of

the rise. A model in which arbitrageurs absorb investors’ demand shocks reproduces

both the rise in volatility and the shift from continuation to reversal.
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A. Appendix

A.1 Systematic vs. Idiosyncratic Volatility
This appendix gives the construction behind the decomposition in Section 2.3.4 and
its validation against Campbell et al. (2001) (CLMX). We follow CLMX literally. Each
stock return splits into a market component, an industry-relative-to-market compo-
nent, and a firm-specific component through their unit-beta accounting identity: the
industry residual is Rit − Rmt and the firm residual is Rjit − Ri(j)t, with no betas es-
timated. Industry returns value-weight CRSP firms within each of the 49 Fama–
French industries, firm variances aggregate to the industry and market level by lagged
market-cap weights, and monthly variances are the within-month sum of squared
daily residuals. The universe is all CRSP common stocks (share codes 10 and 11) from
1925 to 2024; we report the sample from 1962 to line up with CLMX and extend it
through 2024.

Table 6 compares our implementation to their Table III over the 1962–1997 value-
weighted daily sample they study. The firm-specific mean and trend, the moments
CLMX build their paper around, match to within 3 and 8 percent, and our firm trend
of 0.887 is well inside their reported 90% confidence interval of [0.55, 1.47].

Table 6: Validation against Campbell et al. (2001) Table III

Our implementation CLMX Table III ∆

MKT mean ×100 1.658 1.542 7.5%
IND mean ×100 0.957 1.032 −7.3%
FIRM mean ×100 6.628 6.436 3.0%

MKT trend ×105 0.164 0.156 5.4%
IND trend ×105 0.094 0.062 51.7%
FIRM trend ×105 0.887 0.965 −8.1%

Notes: Mean and linear-trend coefficient of the market (MKT), industry-relative-to-market (IND),
and firm-specific (FIRM) variance components, value-weighted, daily, over the 1962-07 to 1997-12
sample of Campbell et al. (2001). Means are average monthly variance ×100; trends are the coef-
ficient on a linear time index ×105, matching their Table III units. CLMX report a 90% confidence
interval of [0.55, 1.47] for the FIRM trend.

Figure 14 plots the three components over 1962–2024. Firm-specific volatility in-
creased from 16% in the postwar quiet to 26% by 2000–2010, the increase CLMX docu-
mented, and then declined to 19% over 2011–2024, the reversal Campbell et al. (2023)
report (see also Chiah et al. (2023)). The market component moved the other way,
with its share of average-stock variance at a trough in the late 1990s and increas-
ing since. Figure 15 decomposes the five-year log variance ratio by component. The
market-component log ratio rises from −0.34 in 1961–1995 to 0.39 in 1996–2024, the
industry component shifts the same way by a smaller amount, and the firm-specific
ratio shows no regime change: its log has been positive in every five-year window
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but one, the signature of bid-ask bounce, and declines over the full sample as spreads
narrow. Equal-weighting the top 500 stocks gives the same market-component shift
(−0.49 → 0.33), and therefore the shift is not a mega-cap artifact.
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Figure 14: Market, industry, and firm-specific volatility, 1962–2024

Notes: Annualized standard deviation of the market (MKT), industry-relative-to-market (IND), and firm-
specific (FIRM) components of average-stock variance, five-year rolling, value-weighted, 1962–2024, with
fitted linear trends. The market and industry components trend up significantly; the firm-specific linear
trend is positive but insignificant over the full sample because of the post-2001 reversal.
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Figure 15: Log variance ratio by CLMX component, 1931–2024

Notes: Log of the five-year rolling variance ratio (daily-implied annualized variance over monthly-implied
annualized variance) for the market, industry-relative-to-market, and firm-specific components. Note the
differing vertical scales: the market and industry ratios shift upward through a regime change around 2000,
while the firm-specific ratio declines monotonically with no regime change.
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A.2 Macroeconomic Fundamentals Do Not Explain the Rise
Figure 16 plots the ratio of annualized daily stock market volatility to annualized
macro volatility over four non-overlapping 25-year periods from 1926 to 2025, for in-
dustrial production growth, real per capita GDP growth, and corporate profit growth.
Industrial production is monthly from 1920, while the other two are quarterly after
WWII, spliced with annual data back to 1929. Corporate profits are a levered cash
flow, so they absorb changes in corporate leverage. For all three measures the ratio
was lowest in the first period, increased slightly in 1951–1975, increased strongly in
1976–2000, and stayed high.
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Figure 16: Equity Volatility Relative to Fundamental Volatility, by 25-Year Period

Notes: Ratio of annualized equity return volatility to annualized fundamental volatility, by 25-year
sub-period. Equity volatility is the annualized standard deviation of daily CRSP value-weighted
market excess returns within each sub-period. Fundamental volatility measures: industrial pro-
duction (IP) uses 12-month overlapping growth rates; real GDP per capita uses quarterly data
post-1947 and annual data pre-1947, spliced; corporate profits uses annual real growth rates. GDP
volatility is scaled by 2 and corporate profits volatility is scaled by 1/2 for visual comparability.
Data sources: CRSP, FRED (INDPRO, real GDP per capita, real corporate profits).

Table 7 gives the industrial-production-volatility control behind Section 2.3. On
the full 1931–2025 sample a linear trend in stock volatility is essentially zero, be-
cause Depression-era volatility offsets the modern rise, and adding five-year rolling
industrial-production volatility as a control moves the trend to 10.5 percentage points
on the normalized index, close to the 1955–2025 baseline (Panel A). IP volatility de-
clined over the sample, and therefore partialling it out uncovers the rise it was mask-
ing. On the post-1960 subsample the trend is nearly identical with or without the
control, 10.58 vs. 10.72 (Panel B). Allowing a slope break at 1960 (column 3b) puts the
change in slope at 30 points on the normalized trend, about 3 pp/decade (p = 0.012).
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Table 7: Stock volatility and industrial-production volatility

Panel A: Full sample, 1931–2025 (N = 1,135)

(1) Trend only (2) + σIP (3b) Slope break

Constant 17.99∗∗∗ 3.42 6.98∗

(4.18) (3.16) (3.76)
Trend t̃ −2.98 10.53∗∗ −24.28

(6.32) (4.48) (16.17)
σIP 1.60∗∗∗ 1.63∗∗∗

(0.34) (0.28)
Post-1960 ×t̃ 30.14∗∗

(12.03)
R2 0.016 0.478 0.573

Panel B: Post-1960 subsample (N = 792)

(4a) Trend only (4b) + σIP

Constant 9.84∗∗∗ 8.34∗∗∗

(0.77) (1.19)
Trend (1960→end) 10.72∗∗∗ 10.58∗∗∗

(2.12) (2.22)
σIP 0.52∗

(0.27)
R2 0.467 0.506

Notes: Regressions of five-year rolling annualized stock volatility (%) on a normalized linear trend
t̃ and the five-year rolling annualized volatility of monthly industrial-production growth, σIP.
Panel A is the full 1931–2025 sample; column (3b) adds a slope change interacted with a post-1960
indicator. Panel B restricts to post-1960 with the trend renormalized to zero in 1960. Newey–West
HAC standard errors (60 monthly lags) in parentheses. ∗, ∗∗, ∗∗∗ denote p < 0.10, 0.05, 0.01.

Table 8 updates the Schwert (1989) regression of stock volatility on the volatili-
ties of industrial-production growth, inflation, unemployment, and the short rate. On
1947–2024 the R2 is 0.26, close to the 0.39 we recover on his original window, and
roughly three-quarters of the variation in stock volatility is unexplained by funda-
mentals. Since the 1980s macroeconomic volatility has declined to historic lows while
stock volatility has increased.

A.3 Implied Volatility and the Variance Risk Premium
The VIX shows little trend over its post-1990 sample because the variance risk pre-
mium has declined at almost exactly the rate realized volatility has increased. Ta-
ble 9 splices the VXO (1986–1989) to the VIX (1990 onward) and measures realized
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Table 8: Schwert (1989) regression, updated sample

Sample N σIP σCPI σUNR σRF R2

Schwert original (1947–1987) 468 −0.29∗ 2.35∗∗∗ 0.00 0.13∗∗∗ 0.39
Updated full (1947–2024) 912 −0.92∗∗∗ 6.00∗∗ 0.03∗∗∗ 0.05 0.26
Pre-1985 432 −0.35∗∗∗ 2.53∗∗∗ 0.01 0.13∗∗∗ 0.48
Post-1985 480 1.58 6.62∗∗ −0.01 0.11 0.39
Post-2000 300 1.31 6.08∗∗ −0.01 0.26∗∗ 0.46

Notes: Joint regression of 12-month rolling annualized stock volatility on the 12-month rolling an-
nualized volatilities of industrial-production growth, CPI inflation, unemployment-rate changes,
and risk-free-rate changes, following Schwert (1989). Newey–West HAC (12 monthly lags). ∗, ∗∗,
∗∗∗ denote p < 0.10, 0.05, 0.01.

volatility, implied volatility, and their difference as five-year rolling averages. Real-
ized volatility trends up at 1.82 pp/decade, the variance risk premium declines at
−2.00 pp/decade, and implied volatility is flat at −0.17 pp/decade, indistinguishable
from zero. The declining premium is the central finding of Dew-Becker and Giglio
(2026), who attribute it to easing intermediary frictions in the options market. Thus,
the flat VIX reflects a shrinking premium rather than the absence of a rise in volatility.

Table 9: Trends in realized volatility, implied volatility, and the variance risk pre-
mium

Series Trend (pp on t̃) Trend (pp/decade) p-value R2

Realized vol (RV) 6.38 (3.35) 1.82 0.086 0.155
Implied vol (IV) −0.61 (2.93) −0.17 0.84 0.003
Variance risk premium (VRP) −6.99 (0.85) −2.00 9 × 10−6 0.621

Notes: Trend regressions of five-year rolling realized volatility, implied volatility (VXO 1986–1989
spliced to VIX 1990+), and their difference (VRP = IV − RV) on a normalized linear trend, monthly,
1990–2025 (N = 421). Newey–West HAC standard errors (60 monthly lags) in parentheses; p-
values use fixed-b critical values matching Table 1.

A.4 Structural Breaks in the Level and Character of Volatility
A linear trend is a convenient summary, not a literal model. Figure 17 instead esti-
mates Bai–Perron breaks in the mean of the daily five-year volatility series of Figure 1,
allowing two breaks. The breaks are dated October 1973 and March 2000, with regime
means of 10.3%, 13.8%, and 19.3%, and the increase in mean volatility over the sample
is about the same as in the trend specification.

The variance ratio breaks at almost the same date. Its log was near −0.29 from
1931 through the mid-1990s – identical in the Depression and the quiet postwar period
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Figure 17: Structural Breaks in 5-Year Rolling Market Volatility

Notes: Annualized realized volatility of the CRSP value-weighted market excess return (same series as
Figure 1). Dashed horizontal lines show estimated segment means from a Bai–Perron test for two structural
breaks in the mean. The optimal break dates are October 1973 and March 2000, yielding three regimes with
means of 10.3%, 13.8%, and 19.3%. Shaded regions indicate NBER recessions. Sample: 1955–2025.

despite volatility levels that differed by a factor of two and a half – and then it rose
by about 0.7. A break test on the five-year log variance ratio places a single break at
August 1999, significant at the 10% level, with segment means of −0.29 before and
0.41 after (Figure 18). Two moments of returns shift within a year of each other, and
this is harder to attribute to fundamentals than to a change in how the market trades.

A.5 Stability of the trend across samples and rolling windows
The trend coefficient in Table 1 does not depend on the sample window or the rolling-
window length. Figure 19 estimates the trend on t̃ separately for every start year from
1931 to 2010, with the sample ending in 2025 and 90% fixed-b confidence intervals.
The trend is positive at every post-WWII start year, and the interval excludes zero
for start years from about 1945 through 1993 (daily) and 1987 (weekly). Earlier start
dates absorb Depression-era volatility, and start dates after the mid-1990s cut off the
rise itself. Figure 20 varies the rolling-window length from 1 month to 10 years on
the 1955–2025 sample. The trend increases with window length and levels off around
7 years, and even at 1-month windows it is 8.3 pp (daily) and 5.5 pp (weekly), with
intervals excluding zero. Figure 21 estimates the trend on rolling 30-year windows.
Every window ending after 1980 is positive, and the windows ending in the 2010s
are the steepest in the sample at about 2.8 pp/decade, above the 1.6 pp/decade full-
sample estimate. Windows ending in the 1960s are negative because they still contain
the Depression-to-postwar decline.
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Figure 18: Structural break in the log variance ratio, 1931–2025

Notes: Log of the five-year rolling variance ratio (daily-implied over monthly-implied annualized variance)
with a single Bai–Perron break, dated August 1999 (sup-F 8.24 against a 5% critical value of 8.58, so signif-
icant at 10%). The segment means are −0.29 before and 0.41 after, a shift that comes within a year of the
March 2000 break in the level of volatility.

A.6 The Rise Is Not a Weighting or Concentration Artifact
Table 10 reports the trend for alternative market constructions. Equal-weighting gives
a steeper trend than value-weighting (2.16 vs. 1.59 pp/decade), and by size the top-
decile trend (1.44) is below the full-market trend while the mid- and small-cap seg-
ments are steeper (2.18 and 2.35). If a few large stocks drove the result, the largest
stocks would show the steepest trend; they show the shallowest. Measuring volatility
from the S&P 500 index directly, the index traded through futures and ETFs, gives
1.54 pp/decade vs. 1.67 for the value-weighted market over the matched 1967–2024
sample, with a correlation of 0.99.

A.7 The Variance-Ratio Rise Is Global
We build daily value-weighted market returns for 35 countries from Compustat Global
firm-day data and estimate the trend in each country’s five-year log variance ratio,
with Newey–West HAC (60 monthly lags) and fixed-b critical values. Figure 22 plots
the coefficients. The log variance ratio increases in all 35 countries, 30 of them sig-
nificant at the 5% level, with a mean trend of 0.205 per decade, and every major de-
veloped market is significantly positive (United Kingdom 0.25, France 0.26, Germany
0.14, Japan 0.26, vs. 0.10 for the United States). Volatility levels are mixed across coun-
tries, since emerging markets enter the sample at their 1990s crisis highs and decline
through it, but the variance ratio increases everywhere. A common, daily-frequency
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Figure 19: Trend coefficient by sample start year (sample ends 2025)

Notes: Each point is the trend coefficient b from the regression σt = a + bt̃ + εt estimated over
[start year, 2025], where σt is the 5-year rolling annualized volatility from daily (top panel) or weekly (bot-
tom panel) CRSP value-weighted market excess returns, and t̃ ∈ [0, 1] over the sample window. The shaded
band is the 90% confidence interval under Newey–West HAC with Bartlett kernel and S = 260 weekly lags,
fixed-b critical values with κ = ⌊3/(2b)⌋ degrees of freedom.

channel of the kind index trading produces is consistent with this pattern, and a fun-
damentals story is not.

A.8 Return Autocorrelations and Volume
The horizon decay in Table 1 is a statement about daily and weekly return autocorre-
lation. Figures 23a and 23b plot the rolling 5-year first-order autocorrelation of daily
and weekly CRSP value-weighted market excess returns, estimated as the slope in
rt+1 = α + βrt + ε over the prior 60 calendar months, with ±1.96 HC1 standard er-
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Figure 20: Trend coefficient by rolling-window length

Notes: Each point is the trend coefficient b from the regression σt = a + bt̃ + εt on the 1955–2025 sample,
with σt constructed as the rolling annualized volatility of daily (top panel) or weekly (bottom panel) CRSP
value-weighted market excess returns over the window indicated on the x-axis. The shaded band is the
90% confidence interval under Newey–West HAC with Bartlett kernel and S = 260 weekly lags, fixed-b
critical values. X-axis is on a log scale.

rors. Daily autocorrelation peaks at roughly 0.30 in the mid-1970s, declines steadily,
and crosses zero around 2003, while the weekly series crosses zero around 1990 and
settles near −0.12. The linear trend on t̃ ∈ [0, 1] over 1955–2025 is −0.39 (NW HAC
standard error 0.08) for the daily series and −0.29 (0.03) for the weekly, with fixed-b
p-values below 10−3 in both cases. On the 1962–1974 sample of Campbell et al. (1993)
(henceforth CGW) we recover the daily autocorrelation of 0.28 they report.
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Figure 21: Trend coefficient on rolling 30-year windows

Notes: Trend coefficient (pp/decade) from estimating σt = a+ bt̃+ εt on each rolling 30-year window, dated
at window end, with 95% fixed-b confidence band. The dashed line marks the 1.6 pp/decade full-sample
estimate from Table 1. Windows ending in the 1960s are negative because they still contain the Depression-
to-postwar decline.

Table 10: Volatility trend by market construction and size segment

Construction Trend (pp/decade)

Value-weighted market 1.59∗∗∗

Equal-weighted market 2.16∗∗∗

Top decile 1.44∗∗∗

Mid 40% 2.18∗∗∗

Bottom 30% 2.35∗∗∗

Notes: Trend coefficient (pp/decade) from regressing five-year rolling annualized volatility on
a normalized linear trend, 1955–2025. The value-weighted market is the CRSP value-weighted
market; the equal-weighted market averages Ken French equal-weighted size deciles; size seg-
ments are Ken French capitalization portfolios. Newey–West HAC (60 monthly lags). ∗∗∗ denotes
p < 0.01 under fixed-b critical values.

Table 11 extends the CGW Table II regression

rt+1 = α + βrt + γ (Vt · rt) +
4

∑
d=1

δd(Dd · rt) + εt+1, (22)

to the modern sample, where Vt is log aggregate market turnover (raw, or detrended
by a backward 1-yr or 5-yr moving average as in CGW) and Dd are day-of-week dum-
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Figure 22: Log variance-ratio trend coefficients by country

Notes: Per-country trend coefficient of the log five-year rolling variance ratio (daily-implied over monthly-
implied annualized variance, per decade) for daily value-weighted market returns built from Compustat
Global firm-day data, 35 countries, samples of 17–35 years (95 years for the US), with Newey–West HAC
standard-error bars (60 monthly lags). All 35 bars are positive; the United States is in the lower third of the
distribution.

mies interacted with rt, with HC1 standard errors. The CGW prediction γ < 0, that
high-volume returns are more strongly reversed, holds on the full 1955–2025 sam-
ple under all three Vt specifications, and our estimates on their samples match theirs
(their γ on Sample A was −0.328 with their detrended measure, vs. our −0.351). On
the post-CGW 1988–2025 sample γ remains strongly negative (−0.36, t = −3.2 for the
1-yr detrended specification). The 1980–2000 sub-period attenuates toward zero, the
period when the autocorrelation itself was near zero, and the post-2000 sub-period
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(a) Daily returns
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(b) Weekly returns

Figure 23: First-order return autocorrelation of the market, 5-year rolling

Notes: First-order autocorrelation of CRSP value-weighted market excess returns, estimated as the OLS
slope β in rt+1 = α + βrt + ε over each 5-year rolling window (60 calendar months). The shaded band
is ±1.96 HC1 standard errors estimated within each window. Panel (a) uses daily returns; panel (b) uses
weekly returns. Sample: 1955–2025 (rolling window so first estimate uses data from 1950).
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returns to strongly negative estimates as the autocorrelation turns negative.

Table 11: Return autocorrelation and volume

Notes: Estimates of γ from Equation (22): rt+1 = α + βrt + γ(Vt · rt) + ∑d δd(Dd · rt) + εt+1, where Vt
is log aggregate market turnover constructed from CRSP daily data following the construction under-
lying Figure 4. Detrended versions subtract a backward moving average from log Vt. Standard errors
in parentheses are heteroskedasticity-consistent (HC1). Stars: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10 (two-
sided, normal asymptotics). Day-of-week interactions with rt included.

Sample Raw log Vt log Vt− 1-yr MA (CGW) log Vt− 5-yr MA N

Full (1955-2025) −0.129∗∗∗ −0.289∗∗∗ −0.228∗∗∗ 17,619
(0.015) (0.088) (0.065)

CGW Sample A (1962-87) −0.116∗∗∗ −0.351∗∗∗ −0.304∗∗∗ 6,344
(0.024) (0.063) (0.049)

CGW Sample B (1962-74) −0.173∗∗ −0.449∗∗∗ −0.291∗∗∗ 3,122
(0.076) (0.112) (0.079)

CGW Sample C (1975-87) −0.097∗∗∗ −0.229∗∗∗ −0.280∗∗∗ 3,221
(0.035) (0.076) (0.074)

1988-2025 (post-CGW) −0.197∗∗∗ −0.361∗∗∗ −0.257∗∗∗ 9,321
(0.049) (0.112) (0.082)

Pre-1980 −0.144∗∗∗ −0.356∗∗∗ −0.307∗∗∗ 6,274
(0.047) (0.093) (0.072)

1980-2000 −0.067 −0.042 −0.014 5,055
(0.065) (0.110) (0.099)

2000-2025 −0.230∗∗∗ −0.353∗∗∗ −0.235∗∗∗ 6,288
(0.083) (0.123) (0.088)

A.9 NYSE Trading Hours Changes
Table 3 exploits changes in NYSE trading schedules as instruments for trading vol-
ume. Table 12 lists the nine schedule changes used in the analysis. Until 1952 the
NYSE operated six days per week, with a Saturday session from 10:00 AM to 12:00 PM;
from 1945 the exchange closed that session each summer, from late May to late Septem-
ber, and from May 31, 1952 it closed Saturdays for good. All subsequent changes
affected weekday hours only, adjusting the closing time while keeping the open at
10:00 AM, until the open moved to 9:30 AM in September 1985. The 1968 Wednesday
closure reduced the trading week to four days for six months. Panel A of Table 3 uses
all nine changes. Panel B leaves out the two 1952 changes and uses the remaining
seven, because neither can be identified once we aggregate to the week. The Saturday
closings were identified from the comparison of the weekend return with the other
days of the same week, which a weekly design no longer has, and because they recur
in the same summer months every year a weekly comparison cannot separate them
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from the seasonal pattern in trading. The September 1952 extension of the weekday
session replaced the lost Saturday hours and took effect at the end of September, when
Saturdays had reopened in earlier years, so that weekly hours barely moved relative
to prior years and the before-and-after comparison falls on the same seasonal turn.
Table 13 reports the robustness of each panel.

Table 12: NYSE Trading Hours Schedule Changes

Notes: All times Eastern. Dates are the first trading day under the new schedule, from the NYSE’s own
list of special closings and its 1971 chronology; where the exchange’s list gives only the month (Oc-
tober 1974), the day is from contemporaneous accounts. The schedule shown is the weekday session,
Monday to Friday; “Daily Hours” are weekday hours; the Saturday session was 2.0 hours when open,
and was closed each summer from 1945 before it ended for good. “Weekly Hours” counts the trading
days in the week and the shorter Saturday session. Two temporary 2:00 PM closes (August 8–18, 1967
and January 22–March 1, 1968) are absorbed by their own fixed effects and are not used as events.

# Effective Date Description Schedule Daily Weekly
Hours Hours

Pre-change 6-day week, Mon–Sat 10:00–3:00 (Sat 10–12) 5.0 27.0

1 May 31, 1952 Saturday trading ended 10:00–3:00 5.0 25.0
2 Sep 29, 1952 Close extended 30 min 10:00–3:30 5.5 27.5

Stable: Sep 1952 – Jun 1968

3 Jun 12, 1968 Wednesday closure (paperwork) 10:00–3:30, no Wed 5.5 22.0
4 Jan 2, 1969 Wed reopens; hours shortened 10:00–2:00 4.0 20.0
5 Jul 7, 1969 Close extended 30 min 10:00–2:30 4.5 22.5
6 Sep 29, 1969 Close extended 30 min 10:00–3:00 5.0 25.0
7 May 4, 1970 Close extended 30 min 10:00–3:30 5.5 27.5
8 Oct 1, 1974 Close extended 30 min 10:00–4:00 6.0 30.0
9 Sep 30, 1985 Open moved 30 min earlier 9:30–4:00 6.5 32.5

A.10 S&P 500 Futures Trading Hours
Table 14 gives the exchange’s record of the hours in which S&P 500 index futures could
be traded outside regular equity-market hours, compiled from CME rule filings and
notices, Federal Register publications, and contemporaneous accounts, with every
statement labeled by its evidence status. The full-size contract was listed on GLOBEX
for overnight trading in September 1993, and CME’s archived calendars show holiday
sessions continuously from late 1998. The four events in the table are the ones pooled
in Table 4, column (3), and estimated one at a time in Table 15. Two later schedule
changes are used in Section 3.1.4: the September 29, 2003 relocation of the nightly
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Table 13: Trading Hours, Volume, and Variance on the NYSE: Robustness

Notes. Each row changes one thing relative to Table 3 and reports the elasticity of variance to
trading hours, with the same block bootstrap standard error. In Panel A the first three rows drop
one of the three experiments, the seasonal control is the month-of-year effect for the Friday-to-
Monday return, and the holiday row keeps days containing a holiday, with a dummy, instead
of dropping them. In Panel B the autocorrelation row estimates the lag-one autocorrelation of
daily returns inside the windows, with one slope on log trading hours, and combines it with the
estimate on the sum of squared daily returns to obtain the elasticity of the squared weekly return
under an AR(1); the 1952 row adds the end of Saturday trading and the September 1952 extension
of the trading day as a single window.

Panel A: Daily

Variance on hours N
As in Table 3 2.21 (0.63) 4,790
Without the Saturday closings 2.30 (0.82) 532
Without the Wednesday closure 2.01 (0.97) 4,520
Without the weekday-session changes 2.25 (0.62) 4,528
No month-of-year control for the weekend return 1.38 (0.56) 4,790
Saturday period 1926–60 instead of 1940–57 1.95 (0.57) 8,839
Days containing a holiday kept, with a dummy 2.13 (0.61) 5,022
Poisson instead of log OLS 2.50 (0.89) 4,790
Winsorised at the 95th percentile 2.07 (0.61) 4,790

Panel B: Weekly

Variance on hours N
As in Table 3 2.74 (1.23) 167
Squared weekly return as the outcome 2.52 (2.48) 167
Squared weekly return implied by one autocorrelation parameter 4.02 (1.95) 167
With the two 1952 changes as one window 3.03 (1.09) 211
Wednesday closure only 1.96 (2.10) 49
Weekday-session changes only 4.46 (1.88) 118
Weeks containing a holiday dropped 3.41 (1.42) 142
Poisson instead of log OLS 3.71 (1.92) 167
Windows ±8 weeks 1.63 (1.42) 109

one-hour shutdown from 22:00–23:00 to 16:30–17:00 Central, and the 2014 move of
the holiday-session halt from 10:30 to noon Central. Both are documented in the same
record and both are visible in the bar data as a change in where prints stop. Figure 24
plots overnight relative to daytime trading activity in the E-mini from 1997, and the
ratio increased steadily after the launch.

A.11 Robustness of the 1993 and 1997 Events
Table 15 reports each of the four CME schedule changes on its own, and Table 16
re-estimates the two large events under one change at a time, with both events run
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Table 14: S&P 500 Futures Trading Hours Outside NYSE Regular Hours

Notes: Hours available for trading S&P 500 index futures outside NYSE regular trading hours (9:30am–
4:00pm ET), per weekday, taking the maximum availability across the pit tail, the big-contract (SP)
GLOBEX session, and the E-mini (ES), net of documented halts and maintenance windows. Times are
Central. Sources are CME rule filings and notices, Federal Register publications, and contemporaneous
accounts; the label under each event gives its evidence status (documented, double- or single-attested,
or not established). The 1997 E-mini row is an access event rather than an hours event: its change in
outside-RTH hours is at most half an hour and is not established, while its documented innovation—
simultaneous electronic and pit trading during regular hours, with a 30-contract limit on the electronic
book—is invisible to a measure defined outside those hours.

Before After ∆
Event Date (hours) (hours) (hours)

SP listed on GLOBEX Sep 20, 1993 0.25 16.50 +16.25
Month double-attested; day single-source

E-mini launch Sep 9, 1997 16.75 17.25 +0.50
Launch-day clock not established; ∆ ∈ [0, 0.5]

Globex session expansion Sep 29, 2003 16.00 16.75 +0.75
Documented

Maintenance window Nov 19, 2012 16.75 16.50 −0.25
Documented

through identical code. The Newey–West lag choice matters for the 1993 event, whose
t-statistic runs from 7.1 with no correction to 3.0 with 132 lags. We report 44 lags, twice
the rolling window, throughout. The 1993 estimate is stable across windows from ±3
to ±24 months, while the E-mini estimate is confined to ±6 months and is zero at ±12.
The placebo is clean for 1993 but does not discriminate for the E-mini, which returns a
significant coefficient at a placebo date one year after the launch. Two further probes
cut the other way for 1993. On a quarterly grid of placebo dates over 1993–96, a no-
event date in January 1996 returns 0.60 (t = 4.3), larger than the event itself, and
dropping the ten largest overnight market moves inside the window reduces the 1993
coefficient to 0.21 (t = 1.0), while the E-mini estimate is unchanged by the same probe
(0.38, t = 4.8).

A.12 Index Trading Against a Shut Market: Estimators and
Sample Cuts
Table 17 reports every column of Table 5 under each estimator we considered, together
with the same 15-minute bucket panel run on all weekdays rather than on holidays
alone, and Table 18 re-estimates column (1) on alternative samples. The paper’s spec-
ification is ordinary least squares on variance per hour in levels. A shut window’s
variance is one squared increment, and the log of a single draw has an expectation
about 1.27 log points below the log of its expectation, and therefore a log-ratio regres-
sion that does not correct for this overstates the contrast by a factor of three or more.
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Figure 24: Overnight-to-Daytime Trading Activity in S&P 500 Futures

Notes: Ratio of overnight to daytime trading activity for S&P 500 E-mini futures, measured by tick
count (black) and contract volume (blue). Overnight is defined as trading outside regular NYSE
hours (9:30am–4:00pm ET). Both series are smoothed using rolling averages. Tick-count data begin
in 1997; contract volume data begin in 2004. CME changed how trades are bundled into reported
prints in 2011 and again in 2015, which affects the tick-count series but not volume; the volume
series is the cleaner measure where the two are both available. Sample: 1997–2020.

Moreover, a window whose price is unchanged across the closure has zero variance
and no log at all (ten of the 58 dead holiday afternoons and 47 of the 124 shut win-
dows in the 2003 sample); dropping those windows biases the ratio down and floor-
ing them biases it up. Levels need neither a correction nor a zero rule, and Poisson
pseudo-maximum likelihood, which estimates the same multiplicative model with-
out logs and keeps every zero, gives nearly the same answer in every column. The
sample cuts show where the day-level estimate comes from. Once Labor Day 2019 is
out, no single remaining holiday moves it much (without MLK 2008, the largest day
in the dead cell, it is ×11.0), and it declines to ×3.8 only if unscheduled closures are
added back – a decline that is entirely December 5, 2018, a national day of mourning
on which the Huawei arrest broke during the closure.
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Table 15: Index Futures Trading Hours, Access, and Overnight Market Variance

Notes: The dependent variable is the 22-day rolling log ratio of overnight to intraday market variance,
controlling for the corresponding idiosyncratic log variance ratio. The market is the value-weighted
top 500 stocks by prior-December market capitalization; overnight and intraday returns use the CRSP-
total-return-anchored construction, correct through splits and dividends; idiosyncratic returns impose
a unit market beta following Campbell et al. (2001). The event ramp equals 0 before the event, rises
linearly to 1 over the next 22 trading days, and equals 1 thereafter. The log futures volume row re-runs
the same event-ramp regression with log S&P 500 futures volume (22-day rolling average) as the de-
pendent variable. Windows are ±6 months; Newey-West standard errors with 44 lags in parentheses.
Column (5) pools all four events with event fixed effects, entering the three hours events through a lin-
ear Post × ∆Hours dose and the E-mini through a separate access indicator, so that the hours channel
is not asked to absorb an access event whose hours change is at most half an hour. Each event win-
dow keeps its own coefficient on the idiosyncratic control, so the access indicator in column (5) is the
same object as the event ramp in column (2), re-estimated jointly, and reproduces it exactly. Because
the dependent variable is a 22-day rolling average, consecutive observations share 21 of 22 days; the
Newey-West correction is what handles that overlap, and Table 16 reports the lag sensitivity. In col-
umn (5) the Newey-West sum is computed within event blocks, so no autocovariance is taken across
the multi-year gaps between events. Hours are measured in levels rather than logs: the two differ by
whether the pre-1993 base is the 6.5-hour regular session or the 15-minute pit tail, and the level spec-
ification is invariant to that choice. Sample 1993–2024; the panel cannot begin earlier because CRSP
opening prices are unavailable before mid-1992. ***, **, * denote significance at the 1%, 5%, and 10%
level.

(1) (2) (3) (4) (5)
GLOBEX listing E-mini launch Globex expansion Maintenance Pooled

Sep 1993 Sep 1997 Sep 2003 Nov 2012

Channel hours access hours hours
∆ Overnight hours 16.25 0.50 0.75 −0.25
Event ramp 0.478** 0.430*** 0.199 -0.118

(0.195) (0.058) (0.154) (0.185)
Log futures volume 0.169* 0.597*** 0.030 0.009

(0.088) (0.054) (0.058) (0.097)
Post × ∆Hours (per hour) 0.0301**

(0.0120)
E-mini access indicator (= col. 2) 0.430***

(0.058)
Log idio. var. ratio 0.887 0.819*** 0.758** 0.611* Y

(0.783) (0.222) (0.355) (0.320)
Event FE Y
Observations 253 252 252 249 1006
R-squared 0.15 0.46 0.14 0.14 0.44
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Table 16: Robustness of the Two Large Events

Notes: Each row re-estimates the event-ramp specification of Table 15 under a single change to the
baseline (top row), which uses Newey-West standard errors with 44 lags, a ±6-month window, and a
22-day rolling variance. Both events are run through identical code. t-statistics in parentheses. The
final row reports the range of the ramp coefficient across a leave-one-day-out jackknife in which each
raw trading day in turn is removed and the rolling variances recomputed, so that no single day can be
responsible for the estimate. The one-year-prior placebo is unavailable for the 1993 event because the
panel begins in January 1993.

GLOBEX listing E-mini launch
Sep 1993 Sep 1997

Baseline 0.478** 0.430***
(2.46) (7.48)

Newey-West lags = 0 0.478*** 0.430***
(7.14) (10.55)

Newey-West lags = 132 0.478*** 0.430***
(3.03) (10.03)

Window ±3 months 0.823*** 0.313***
(4.13) (3.75)

Window ±12 months 0.603*** -0.003
(3.74) (-0.02)

Window ±24 months 0.497*** -0.121
(3.63) (-0.87)

Rolling window = 10 days 0.427** 0.583***
(2.10) (9.34)

Rolling window = 44 days 0.607*** 0.245***
(4.03) (2.76)

No idiosyncratic control 0.422** 0.504***
(1.97) (4.82)

Step indicator, not ramp 0.580*** 0.386***
(3.20) (5.35)

Placebo: event +1 year -0.192 0.410**
(-0.77) (2.04)

Placebo: event +2 year 0.279 0.058
(1.49) (0.32)

Leave-one-day-out range [0.392, 0.625] [0.344, 0.502]
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Table 18: Index Trading Against a Shut Market: Sample Cuts

Notes: Column (1) of Table 5 (LEVELS, OLS, same-day overnight subtracted) re-estimated on alter-
native samples. “No overnight adjustment” drops the subtraction of the same-day overnight rate.
Unscheduled closures are the two Hurricane Sandy days (October 29–30, 2012), the December 5, 2018
national day of mourning, and MLK Day 2006, on which the session in the bar data does not match the
published schedule.

Column (1), LEVELS OLS Ratio t

As in Table 5 (58 dead afternoons, 33 index-only mornings) ×13.1 7.2
no overnight adjustment at all ×5.8 4.8
September 2, 2019 (Labor Day) back in ×19.4 6.7
unscheduled closures back in (Hurricane Sandy, December 5, 2018, MLK 2006) ×3.8 1.7
. . . all 62 dead days minus December 5, 2018 alone ×11.6 6.7
without MLK 2008 (world markets fell with the U.S. shut) ×11.0 5.5

A.13 Reversal Strategies in S&P 500 Futures
A variance ratio above one reflects negative serial dependence in returns. We assess
its economic magnitude using three simple reversal strategies in S&P 500 futures. The
data cover April 1982 through December 2019, using the full-size contract through
1997 and the E-mini thereafter. We adjust the continuous front-contract series for
estimated roll gaps using changes in the futures–cash basis. The resulting returns
approximate trading individual contracts; an alternative carry-based adjustment pro-
duces similar results.

The position of strategy h on day t is

ω
(h)
t = −κh

[h−1

∑
j=0

rF
t−j − 1{h=21} h r̄F

t

]
, h ∈ {1, 5, 21},

where rF
t is the roll-adjusted daily futures log return. Here, ω

(h)
t is signed futures

notional per unit of fixed reference capital. The trailing mean r̄F
t uses up to 1,260

daily log returns, with at least 60 observations required initially. For each strategy, the
positive constant κh normalizes full-sample average absolute exposure to one. This
constant scaling leaves gross and net Sharpe ratios unchanged under the proportional
trading costs used here. Signals are formed at the cash-market close, and positions
are updated at the first available five-minute bar ending at least five minutes later.
We report performance before costs and after charging half a tick per executed side,
corresponding to an assumed one-tick bid–ask spread.

Table 19 reports the log variance ratio log VR(21) of daily futures and S&P 500
index returns and annualized Sharpe ratios. The five-day strategy earns a full-sample
Sharpe ratio of 0.36 before costs and 0.34 after costs. Its net Sharpe ratios are 0.27
in 1982–1997 and 0.50 in 1998–2019. The final row reports full-sample performance
excluding October 1987.
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Table 19: Reversal Strategies in S&P 500 Futures

log VR(21) Signal horizon

Period Futures Index 1-day 5-day 1-month
A. Gross Sharpe ratio
1982–1997 0.40 0.12 0.00 0.28 0.32
1998–2019 0.30 0.31 0.52 0.53 0.36
1982–2019 0.34 0.24 0.18 0.36 0.33
1982–2019, excluding October 1987 0.29 0.25 0.48 0.49 0.36

B. Sharpe ratio net of bid–ask spread costs
1982–1997 −0.02 0.27 0.31
1998–2019 0.44 0.50 0.34
1982–2019 0.14 0.34 0.32
1982–2019, excluding October 1987 0.40 0.45 0.34

Notes: The table reports log VR(21), where VR(21) = 21 Var(rt)/ Var
(
∑20

j=0 rt−j
)
, computed from underlying

returns, not from strategy P&L: the roll-adjusted daily futures log returns rF
t , and daily log total returns on

the S&P 500 index, including dividends, on the same days. It uses the available one-day returns and the
complete 21-trading-day windows within each period, and it is shown once because the same VRs apply to
both panels. The futures log VR exceeds the index log VR in 1982–1997; the two are similar in 1998–2019.
Annualized Sharpe ratios equal the mean daily strategy P&L divided by its standard deviation, multiplied
by

√
252. The signal-horizon columns show the return horizon used to form each signal; all strategies

rebalance daily. The monthly signal uses a trailing 1,260-day mean, with expanding history initially and
at least 60 observations. All strategies are evaluated over the same dates after this initial period. Net
performance deducts half a contemporaneous tick per executed side, including both legs of contract rolls.
The exclusion row omits October 1987 P&L observations; signal histories are otherwise unchanged. For
VR(21), it omits October 1987 daily returns and every 21-day window that contains one.

B. Model details
This appendix derives Propositions 1 and 2, gives the intraday implementation of
the daily model, rationalizes the updating rates through information acquisition, and
reports the benchmark variance decomposition.

B.1 Equilibrium without index trading: Proposition 1
We use the primitives of Section 4.1. Let 1 denote an N-vector of ones and q ≡ 1/N
the vector of supplies and market-portfolio weights.

B.1.1 Fundamental forecast gaps

Conjecture that prices have the full-information dividend loading 1/(R f − 1), as veri-
fied below. A dividend forecast gap therefore changes the expected next dividend and
its continuation value, giving gi,t =

R f
R f −1 δi,t. Since only common dividend news is in-
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corporated gradually, δi,t = d̂ stk
m,t − dm,t and gi,t = gstk

m,t for every stock. The updating
rule implies

gstk
m,t+1 = (1 − αstk)gstk

m,t −
R f

R f − 1
(1 − αstk)ε

F
m,t+1. (23)

B.1.2 Demands and market clearing

Write µt ≡ EA
t [Π

e
t+1] and zt ≡ (z1,t, . . . , zN,t)

′. Symmetry implies the conditional
covariance matrix ΣS = (vS − cS)IN + cS11′, where vS is the variance of each stock
and cS the covariance of distinct stocks. Set vm,S ≡ q′ΣSq and, for any vector y, define
ym ≡ q′y and y⊥ ≡ y − ym1. Then

ΣS1 = Nvm,S1, ΣSy⊥ = (vS − cS)y⊥, vm,S =
vS + (N − 1)cS

N
. (24)

CARA–normal demands, after aggregating each specialist group of mass 1/N, are

nA
t =

1
a

Σ−1
S µt, nB,stk

t =
1

NavS

(
µt + gstk

m,t1 + zt
)
. (25)

Market clearing requires nA
t + nB,stk

t = q. Projecting this condition onto the market
direction gives

µm,t = µ̄m −
ψS

1 + ψS

(
gstk

m,t + zm,t
)
, µ̄m ≡ avm,S

1 + ψS
, ψS ≡ vm,S

vS
. (26)

The orthogonal projection similarly yields

µ⊥
t = −χS(0)z

⊥
t , χS(0) ≡

vS − cS

NvS + (vS − cS)
. (27)

B.1.3 Prices and equilibrium variances

Conjecture the market price in equation (13). Its rational expected excess payoff is

µm,t = −(R f − 1)pS − [R f − (1 − αstk)]bF
m,Sgstk

m,t − (R f − λ)bm,Szm,t,

where the dividend level cancels. Matching coefficients with equation (26) gives

pS = − µ̄m
R f − 1

, bF
m,S =

ψS
1 + ψS

1
R f − (1 − αstk)

, bm,S =
ψS

1 + ψS

1
R f − λ

. (28)

The two return components then follow from the state laws. In particular, the demand-
pressure component has negative first-order return autocovariance: its sign is that of
(R f − λ)(R f λ − 1) < 0.

With d⊥
t ≡ dt − dm,t1, the relative-price solution implied by (27) is

P⊥
t =

d⊥
t

R f − 1
+ b⊥z,Sz⊥t , b⊥z,S ≡ χS(0)

R f − λ
. (29)

Together, Pt = Pm,t1 + P⊥
t clears all N asset markets and proves Proposition 1. Since

χS(0) = O(1/N), stock-specific demand pressure has little price impact in a large
market.
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Equilibrium variances. The variances in investors’ demands must equal those
generated by these prices:

vm,S =
( R f

R f − 1

)2
[1 − (1 − αstk)bF

m,S]
2 Var(εF

m,t+1) + b2
m,S Var(uz

m,t+1), (30)

vS − cS =
( R f

R f − 1

)2
σ2

F(1 − ρF) + (b⊥z,S)
2σ2

ηS1−ξ(1 − ρz). (31)

Here Var(εF
m,t+1) = σ2

F[ρF + (1 − ρF)/N] and Var(uz
m,t+1) = σ2

ηS1−ξ [ρz + (1 − ρz)/N].
Because the loadings depend on the variances, these are two scalar fixed-point condi-
tions in (vm,S, vS − cS), solved numerically. Although dividend levels are nonstation-
ary, they cancel from excess payoffs; conditional payoff risk depends only on station-
ary innovations and belief states.

B.2 Equilibrium with index trading: Proposition 2
A fraction ω of behavioral investors trades the index, leaving (1 − ω)/N specialists
per stock. The index is a pass-through claim on q = 1/N and creates no new risky-
asset supply.

B.2.1 Beliefs and market clearing

As in Section B.1.1, the index investors’ fundamental distortion is gidx
m,t =

R f
R f −1 (d̂

idx
m,t −

dm,t). Their updating rule implies

gidx
m,t+1 = (1 − αidx)gidx

m,t −
R f

R f − 1
(1 − αidx)ε

F
m,t+1. (32)

Index investors face market return variance vm,S and act on the common demand
distortion zm,t. Their aggregate underlying-stock demand is

nB,idx
t =

ω

avm,S
(µm,t + gidx

m,t + zm,t)q. (33)

Together with the arbitrageur and the remaining stock specialists, clearing requires

1
a

Σ−1
S µt +

1 − ω

NavS
(µt + gstk

m,t1 + zt) + nB,idx
t = q. (34)

Projecting onto the market direction using (24) gives

µm,t = µ̄m −
(1 − ω)ψS

∆S(ω)
gstk

m,t −
ω

∆S(ω)
gidx

m,t

−
ω + (1 − ω)ψS

∆S(ω)
zm,t, µ̄m ≡ avm,S

∆S(ω)
.

(35)

In the relative-price direction, index demand drops out, leaving

µ⊥
t = −χS(ω)z⊥t , χS(ω) ≡ (1 − ω)(vS − cS)

NvS + (1 − ω)(vS − cS)
. (36)
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B.2.2 Prices and equilibrium variances

Compute the rational expected excess payoff from the market-price conjecture (18).
As in Section B.1.3, matching its constant and state coefficients with (35) gives pS =
−µ̄m/(R f − 1) and exactly the three price loadings in Proposition 2. The relative-price
solution is P⊥

t = d⊥
t /(R f − 1) + [χS(ω)/(R f − λ)]z⊥t . Together with the market price,

it satisfies all N clearing conditions; setting ω = 0 recovers Proposition 1.
Equilibrium variances satisfy the two fixed-point conditions (30)–(31), replacing

bm,S and b⊥z,S by their ω-dependent values and the common-news impact factor by

κF(ω) ≡ 1 − (1 − αstk)b
F,stk
m,S (ω)− (1 − αidx)b

F,idx
m,S (ω). (37)

Thus R f
R f −1 κF(ω) is the loading of a permanent market-news innovation in the one-day

excess payoff. The two equilibrium variances are again solved jointly.

Stock-level objects. Symmetry makes relative returns orthogonal to the market
return, so each stock has market beta one and R2

i = vm,S/vS. Arbitrageur holdings
decompose as

nA
i,t =

1
a

[
µm,t

Nvm,S
+

µ⊥
i,t

vS − cS

]
.

The stock-specific component is of order 1/N, while the common component re-
sponds to the market states in (35), providing the model counterpart to market-directed
trading.

B.3 An intraday implementation
The daily equilibrium admits an implementation with S trading opportunities be-
tween consecutive daily boundaries. At each opportunity investors choose the my-
opic CARA–normal position they would hold to the next daily boundary, without
accounting for possible subsequent rebalancing. They may revise that position when
another opportunity arrives.

Timing and state laws. Let h = 0, . . . , S index equally spaced points from bound-
ary t to t + 1; trading occurs at h = 0, . . . , S − 1. The gross risk-free return remaining
to the next boundary is Rh,S ≡ R 1−h/S

f , so S = 1 reproduces the daily trading sched-

ule. Fundamental news and belief updating occur only at daily boundaries; gstk
m,t and

gidx
m,t are therefore fixed between boundaries.

Demand pressure evolves in trade time. Set zt,0 = zt, λS ≡ λ1/S and BS ≡
∑S−1

k=0 λ2k
S . Between h and h + 1,

zi,t,h+1 = λSzi,t,h + ηS
i,t,h+1, Var(ηS

i,t,h+1) =
σ2

ηS1−ξ

BS
, (38)
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for h = 0, . . . , S − 1. The innovations are jointly Gaussian, independent across oppor-
tunities and days, orthogonal to fundamental news, and have cross-stock correlation
ρz. Iterating to the boundary gives

zi,t+1 = λzi,t + uz
i,t+1, uz

i,t+1 =
S

∑
h=1

λS−h
S ηS

i,t,h, Var(uz
i,t+1 | S) = σ2

ηS1−ξ . (39)

The daily innovation also has cross-stock correlation ρz. Thus the daily-boundary law
is exactly (10)–(11) for every S.

Intraday demands and prices. Let Yt+1 ≡ Pt+1 + dt+1 be the cum-dividend
payoff at the next boundary. The excess payoff from buying at opportunity h and
holding to that boundary is Yt+1 − Rh,SPt,h. Define µt,h ≡ EA

t,h[Yt+1] − Rh,SPt,h and
Σh,S ≡ VarA

t,h(Yt+1). By symmetry, Σh,S = (vh,S − ch,S)IN + ch,S11′ and vm,h,S = q′Σh,Sq.
CARA–normal demands and market clearing give

1
a

Σ−1
h,Sµt,h +

1 − ω

Navh,S
(µt,h + gstk

m,t1 + zt,h)

+
ω

avm,h,S
(µm,t,h + gidx

m,t + zm,t,h)q = q.
(40)

The coefficient matrix in µt,h is positive definite, so clearing uniquely determines the
expected excess payoff and hence

Pt,h =
EA

t,h[Yt+1]− µt,h

Rh,S
. (41)

As h increases, fewer demand shocks remain before the boundary, while uncertainty
about the next fundamental innovation is unchanged. The conditional distribution of
Yt+1 does not depend on the current intraday price, so no additional intraday price
fixed point is needed; the market and relative-price decomposition of Section B.2.1
applies at each opportunity.

Exact daily-boundary nesting. At h = 0, R0,S = R f and zt,0 = zt. Equation (39)
and the calendar-time laws for fundamentals and beliefs give the same conditional
distribution of Yt+1 as in the daily model. In particular, Σ0,S = ΣS, with the same
individual-stock and market variances. Consequently (40) reduces to (34), yielding

Pt,0 = Pt. (42)

The states update at h = S according to the daily laws, and the argument repeats
at the next boundary. Thus prices, returns, variances, and variance ratios at daily
boundaries are identical to the daily model; S counts literal trading opportunities and
ξ governs their effect on daily demand-shock variance.
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B.4 Information acquisition and the updating rates
We rationalize the benchmark updating rates with a standing monitoring choice for
the common fundamental dm,t. We abstract from delays in incorporating stock-specific
fundamental news.16 An investor chooses a monitoring probability α ∈ (0, 1] at daily
cost C(α). Independently across investors and days, monitoring reveals the current
common fundamental before trading; otherwise the investor retains the last forecast.
This represents processing the market-wide implications of news, not access to public
releases.

Aggregation. With a continuum of investors, a fraction α refreshes each day, so the
group-average forecast follows

d̂m,t = (1 − α)d̂m,t−1 + αdm,t, (43)

exactly as in the main model. The age K of an investor’s information has stationary
distribution Pr(K = k) = α(1 − α)k, hence E[K] = (1 − α)/α.

The value of monitoring. Taking equilibrium payoff variance v as given,17 us-
ing a stale expected payoff m′ rather than the informed mean m incurs certainty-
equivalent loss (m − m′)2/(2av). Write σ2

F,m ≡ σ2
F[ρF + (1 − ρF)/N] for the variance

of common fundamental news. Since a k-day-old forecast misses k independent per-
manent innovations, its expected loss is kBj, with

Bstk =
(R f /(R f − 1))2σ2

F,m

2avS
, Bidx =

(R f /(R f − 1))2σ2
F,m

2avm,S
.

Both groups monitor the same common news, but index investors act on it through a
less risky claim. Thus

Bidx

Bstk
=

vS

vm,S
=

1
ψS

. (44)

Optimal intensity. Expected staleness loss is B(1 − α)/α. With the common mon-
itoring cost C(α) = cαγ, 0 < γ ≤ 1, each investor minimizes

cαγ + B
1 − α

α
, α ∈ (0, 1].

Because α2 times the derivative is cγα1+γ − B, which is strictly increasing, the unique
optimum is

α∗(B) = min

{
1,
(

B
γc

)1/(1+γ)
}

. (45)

16A separate stock-specific belief gap would not affect the market direction. Under symmetry it enters
only relative prices, with loading χS(ω) = O(1/N), negligible at N = 500.

17As elsewhere in the model, investors use objective conditional payoff variance in their demand.
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With e ≡ 1/(1 + γ) and an interior stock-monitoring rate,

αidx = min
{

1, αstk

(
1

ψS

)e}
. (46)

The benchmark rates. We calibrate the common cost scale c to give αstk = .30 in
the early-sample benchmark, where ψS ≃ .211. The index rate reaches its cap when

.30(1/.211)e ≥ 1 ⇐⇒ e ≳ .77 ⇐⇒ γ ≲ .29.

Thus sufficiently strong economies of scale in monitoring intensity rationalize (αstk, αidx) =
(.30, 1); the curvature is not separately identified. Under linear costs, re-solving the
early-sample equilibrium gives αidx ≃ .70 (Section B.5). We hold both rates fixed in
the main comparative statics to isolate changes in index participation and trading op-
portunities.

B.5 Variance decomposition and sensitivity to the index up-
dating rate
Since fundamental news and transitory demand pressure are independent, daily market-
return variance satisfies Var(rt) = Var(rF

t ) + Var(rz
t ). The annualized variance com-

ponents in the early (E) and modern (M) benchmark economies are

Early (1950–70) Modern (2005–24)

Total variance 0.0132 0.0379
Fundamental component 0.0102 0.0146
Transitory z component 0.0030 0.0233
z share of total 23% 61%

The share of the modeled increase in variance attributable to transitory demand pres-
sure is

VarM(rz)− VarE(rz)

VarM(r)− VarE(r)
= 0.82. (47)

Sensitivity to the index updating rate. Under linear monitoring costs, re-solving
the early-sample equilibrium gives (αstk, αidx) = (.30, .70) rather than the benchmark
(.30, 1). Holding the remaining primitives and the historical paths for ω and S fixed,
slower index updating leaves more return continuation. Modern volatility falls from
19.5% to 18.1% and the 21-day log variance ratio from 0.38 to 0.25; the variance ratio
also remains below the data after 1970.
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Benchmark (.30, 1) Linear cost (.30, .70) Data

Era Vol log VR1,21 Vol log VR1,21 Vol log VR1,21

1950–70 11.5% −0.23 10.7% −0.37 10.4% −0.35 to −0.18
1971–90 13.6% 0.02 12.1% −0.19 14.6% −0.08 to 0.17
1991–2004 15.3% 0.14 14.0% −0.02 16.3% 0.20
2005–24 19.5% 0.38 18.1% 0.25 19.5% 0.31 to 0.39

C. Empirical evidence on slow information diffu-
sion
The early-sample variance ratios imply continuation in market returns. The model
attributes this continuation to slow diffusion of common information across stocks.
We test that mechanism directly, ask whether removing the estimated delay eliminates
the continuation, examine whether indexation accelerated information diffusion, and
then separate the secular rise in volatility from changes in the timing of permanent
news.

C.1 Slow information diffusion
If some stocks incorporate common news before others, their returns should predict
subsequent returns of slower stocks more strongly than the reverse. At the end of year
Y − 1, we identify leaders within current S&P 500 constituents (the 500 largest stocks
by market equity before 1958) with valid returns and market equity on at least 90% of
trading days during the preceding five years. For each stock i, compute

ℓi ≡
5

∑
k=1

[
Cov(M−i

t , ri,t−k)− Cov(ri,t, M−i
t−k)

]
, (48)

where M−i
t is the universe return excluding stock i. Symmetric comovement cancels;

a positive score indicates that stock i leads the rest of the market. We rank stocks by
ℓi/βi, where βi is its market beta, excluding those with |βi| < 0.2 from the ranking.
The top 50 form a value-weighted Leader portfolio for year Y; the remaining con-
stituents form the Follower portfolio. The portfolio returns are out-of-sample relative
to the selection of the Leader stocks.

Let Lt and Ft denote the daily Leader and Follower returns. Their directional co-
variance at lag j is

dj ≡ Cov(Ft, Lt−j)− Cov(Ft, Lt+j), j = 1, . . . , 5. (49)

For each era we report D ≡ ∑5
j=1 dj against the Follower portfolio and three 50-stock

nonleader portfolios: matched on size, industry, and volatility; additionally matched
on beta; and random. Positive D indicates that leaders predict the comparison port-
folios more strongly than the reverse.
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Table 20: Out-of-sample leader validation. The Leader 50 is selected annually
using the previous five years’ beta-normalized scores in equation (48) within the
S&P 500 (largest 500 stocks before 1958). Entries are 105D against followers and
50-stock nonleader comparisons matched on size, industry, and volatility; addi-
tionally matched on beta; or selected at random. Brackets report 95% year-block
bootstrap intervals.

Comparison portfolio 1955–70 1971–90 1991–2004 2005–24
105D, Leader 50 against each comparison portfolio; 95% intervals in brackets
Followers 1.23 2.62 1.77 0.61

[0.76, 1.81] [1.64, 3.90] [0.47, 3.26] [-0.00, 1.30]
Size/industry matched 1.07 2.36 0.90 0.29

[0.45, 1.93] [1.12, 3.95] [0.41, 1.56] [-0.11, 0.82]
Beta matched 0.93 2.18 0.84 0.35

[0.24, 1.85] [1.12, 3.43] [0.34, 1.54] [-0.15, 0.93]
Random 50 1.34 2.30 1.71 0.64

[0.71, 2.00] [1.33, 3.44] [0.56, 2.88] [-0.21, 1.58]

Table 20 shows positive directional propagation through 2004 across comparison
portfolios, with no statistically detectable asymmetry in 2005–24. Figure 25 shows
little continuation among leaders in 1955–70; they move into reversal roughly fifteen
years before the broad market. The variance-ratio gap largely closes by 2005–24.

C.2 Slow diffusion explains the early continuation
We assess the contribution of delayed common news to early continuation using two
corrections on the value-weighted S&P 500 universe.

Projection synchronization. Regress daily market returns on contemporaneous,
lagged, and future Leader 50 returns,

rt = a + β0Lt +
K

∑
j=1

(bjLt−j + cjLt+j) + et, K = 5. (50)

With λj ≡ bj − cj, synchronize the delayed response using

r†
t = rt +

K

∑
j=1

λj(Lt − Lt−j). (51)

In-sample this removes the fitted asymmetry by construction. To avoid using the
corrected year in estimation, we instead apply coefficients averaged across the two
preceding and two following years. Averaging the five-year rolling estimates, the log
variance ratio rises from −0.307 to −0.089 in 1955–70 and from −0.202 to 0.069 in
1971–90 (Figure 26).

90



1940 1950 1960 1970 1980 1990 2000 2010 2020
Year (trailing five-year window)

0.6

0.4

0.2

0.0

0.2

0.4

0.6

0.8
Lo

g 
va

ria
nc

e r
ati

o,
 h

=
21

random 50, 5-95 pct
Leader 50

S&P 500 (top 500 by ME pre-1958)
Full market

Figure 25: Five-year rolling log variance ratios for the Leader 50, the S&P 500
universe (largest 500 stocks before 1958), and the full market. The band is the 5th–
95th percentile of 100 random 50-stock portfolios drawn annually from the same
universe.

Covariance correction. The second method moves delayed permanent news to
impact. Normalize Leader and Follower returns by market betas, L̃t = Lt/βL and
F̃t = Ft/βF, which proxy for cumulative permanent-news loadings. Assume serially
uncorrelated news εt enters L̃t immediately with unit loading and F̃t with weights
a0, . . . , aK summing to one. Other return components are first differences of station-
ary price components, orthogonal to this news at all leads and lags, and generate
symmetric Leader–Follower cross-covariances. Applying (49) to normalized returns
gives dj = ajσ

2
ε for j ≥ 1, so

ΩFL ≡
∞

∑
k=−∞

Cov(F̃t, L̃t−k) = σ2
ε ,

aj =
dj

ΩFL
, j = 1, . . . , K, a0 = 1 −

K

∑
j=1

aj.
(52)

Let w be the Leader 50’s average market weight. Approximate the market by
wβL L̃t + (1 − w)βF F̃t, with permanent-news timing weights

m0 = wβL + (1 − w)βFa0, mj = (1 − w)βFaj (j = 1, . . . , K),

and total loading mΣ ≡ ∑K
j=0 mj = wβL + (1 − w)βF ≃ 1. Moving the response to
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Table 21: Delayed information and corrected return dynamics of the S&P 500 uni-
verse. Starred moments move the estimated permanent-news response to impact
under the normalization in the text. The final two columns report the sum of the
first five daily autocorrelations.

Era log VR log VR∗ AC(1) AC(1)∗ ∑5
k=1AC(k) ∑5

k=1AC(k)∗

1931–45 −0.305 −0.192 +0.052 -0.018 +0.076 +0.013
1946–54 −0.171 0.103 +0.154 +0.004 +0.096 -0.051
1955–70 −0.322 −0.039 +0.173 +0.048 +0.252 +0.055
1971–90 −0.095 0.169 +0.125 +0.007 +0.070 -0.071
1991–2004 0.296 0.482 -0.011 -0.056 -0.099 -0.181
2005–24 0.478 0.537 -0.121 -0.144 -0.148 -0.173

impact gives

Γ∗
M(0) = ΓM(0) + ΩFL

(
m2

Σ −
K

∑
j=0

m2
j

)
,

Γ∗
M(k) = ΓM(k)− ΩFL

K−k

∑
j=0

mjmj+k, 1 ≤ k ≤ K,

(53)

with autocovariances at longer lags unchanged.

Estimation and results. Estimate ΩFL by smoothing the real cross-periodogram
near zero with the Dew-Becker (2017) RQS kernel:

Ω̂FL =
∑T−1

s=1 WT(λs)IFL(λs)

∑T−1
s=1 WT(λs)

, λs =
2πs

T
. (54)

Here WT is the periodic extension of B−1W(λ/B), where B = 1/H and

W(u) =
1

2π

[
9
8
− 15

8

( u
2π

)2
]

1{|u| < 2π}.

For delay estimation use H = 50 trading days, by era and in trailing 20-year windows.
The kernel removes leading spectral-curvature bias; weights sum to one over nonzero
Fourier frequencies, and negative estimates are retained. Finite bandwidth may also
capture slowly reversing discount-rate movements. Section C.4 uses H = 250 for
long-run variance.

Using moments estimated over each full era, Table 21 shows that the covariance
correction removes most early continuation. In 1955–70, the log variance ratio rises
from −0.322 to −0.039 and the five-lag autocorrelation sum falls from 0.252 to 0.055;
in 1971–90, the corresponding changes are −0.095 to 0.169 and 0.070 to −0.071. The
results are similar at H = 250 (corrected log variance ratios −0.031 and 0.163) and
using zero-frequency instead of contemporaneous betas (−0.021 to −0.019 and 0.157
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Figure 26: Five-year rolling observed, projection-synchronized, and covariance-
corrected return dynamics of the S&P 500 universe: calendar-month log variance
ratios, first-order daily autocorrelation, and the sum of the first five daily autocor-
relations. Covariance corrections use trailing 20-year delay estimates.

to 0.189 across bandwidths). Thus both corrections attribute most of the early contin-
uation to delayed common-information propagation.

Both corrections use the Leader 50 as a benchmark for the timing of common news.
If leaders themselves incorporate permanent news gradually, delays shared by leaders
and followers are not identified, and some slow information diffusion may remain in
the adjusted returns. The corrections therefore need not recover the full-information
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return process and may understate the contribution of delayed information to early
return continuation.

C.3 Index membership and information diffusion
We next ask whether S&P 500 membership was associated with faster incorporation
of common news when index products were concentrated in that index. Each month,
we match the smallest 100 S&P 500 members by market equity to similarly sized
NYSE/AMEX nonmembers; both stocks in each pair trade on NYSE or AMEX. Con-
trols cannot be index members within twelve months of the match. Let rin

t and rout
t be

the member and matched-nonmember portfolio returns, with each pair weighted by
the member’s market equity.

For either portfolio p, estimate

rp
t = a + β0rM

t +
2

∑
j=1

(
bjrM

t−j + cjrM
t+j

)
+ et, (55)

where rM
t is the value-weighted market return. The lead-minus-lag statistic δp ≡

∑2
j=1(bj − cj) measures delayed incorporation of market-wide news, net of symmetric

comovement. We test ∆ ≡ δin − δout, estimated by applying the same regression to
rin

t − rout
t within each period, with heteroskedasticity- and autocorrelation-consistent

standard errors. A negative ∆ indicates faster incorporation by index members.
Figure 27 shows ∆ = +0.004 in 1957–72, −0.047 in 1973–94 (t = −2.08), and 0.003

in 1995–2024. The middle-period estimate differs from the early and late estimates
by −0.052 (t = −1.82) and −0.051 (t = −1.77), respectively, in a pooled regression
allowing coefficients to vary by period. The pattern is consistent with faster common-
news incorporation among index members when index products were concentrated
in the S&P 500.

C.4 Daily and long-run volatility
Slow information diffusion spreads permanent news across days, lowering measured
daily volatility. To gauge its contribution to the secular rise, we estimate the regres-
sions of Table 1 in the main text on the synchronized returns of equation (51). For the
full market, the 1955–2025 increase in annualized volatility falls from 11.27 to 10.01
percentage points for daily returns, from 8.05 to 7.83 for weekly returns, and from
4.77 to 4.73 for 4-week returns. For the S&P 500 universe over 1955–2024, the cor-
responding changes are 10.70 to 9.60, 7.27 to 7.17, and 4.28 to 4.25. Most of the rise
remains.

Long-run variance measures the return variation that survives aggregation over
long horizons:

ΩLR =
∞

∑
k=−∞

Γ(k) = lim
H→∞

1
H

Var

(
H

∑
h=1

rt+h

)
, (56)
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Figure 27: Member–nonmember difference in delayed response to common news,
∆ = δin − δout, for the smallest 100 S&P 500 members and size-matched nonmem-
bers, by period. Both stocks in each pair trade on NYSE or AMEX. Bars show 95%
confidence intervals based on heteroskedasticity- and autocorrelation-consistent
standard errors.

where Γ(k) is the market-return autocovariance at lag k. First differences of stationary
price components contribute zero long-run variance because their cumulative effects
reverse. We estimate ΩLR in trailing 20-year windows with the RQS estimator of Sec-

tion C.2, using H = 250, and report annualized volatility σLR
t =

√
ntΩLR

t , where nt

is the number of trading days per year in the window. At finite bandwidth, slowly
reversing discount-rate movements may also contribute.

Figure 28 shows that from 1970 to 2024 long-run volatility rises only from 15.9% to
17.3%, versus 10.3% to 19.0% for observed daily volatility and 11.6% to 19.8% for syn-
chronized returns. Daily variance increases by 256 percentage-points squared, com-
pared with 48 for long-run variance; the difference is 208 (s.e. 99, t = 2.11), and 209
(t = 2.12) for synchronized returns. The increase in long-run variance is thus about
one fifth of the increase in daily variance. Both comparisons suggest that most of the
secular rise in market volatility is transitory. Because long-run variance is estimated
using the RQS estimator over finite 20-year windows, we regard this evidence as sug-
gestive rather than definitive. Nevertheless, the point estimates indicate that long-run
variance has increased only modestly relative to daily variance.
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Figure 28: Observed daily, synchronized daily, and long-run volatility of the S&P
500 universe in trailing 20-year windows, plotted by end year. Synchronized re-
turns follow equation (51); annualization uses each window’s trading days per
year.
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