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Abstract

Stock prices often react sluggishly to news, producing gradual and delayed
jumps. Econometricians typically treat these sluggish reactions as microstructure
effects and settle for a coarse sampling grid to guard against them. We introduce
new methods to synchronize mistimed stock returns on a fine sampling grid that
allow us to better approximate the true common jumps in the efficient prices of
related stocks in an application to Dow 30 data. The synchronized jumps produce
better jump covariance estimates and estimates of the realized jump betas with
better forecasting power, and superior trading rule performance.
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1 Introduction

Financial economics predicts that asset prices adjust rapidly to new information. Ma-
jor economic news, such as FOMC announcements, fiscal news, natural disasters, and
geopolitical conflicts, can produce synchronized large price changes — so-called cojumps
— across multiple assets. A systematic cojump is a common discontinuity among stock
prices that produces a jump in the price of the market portfolio. Such discontinuities
have important implications for portfolio selection and hedging because investors cannot
diversify them away (Gilder et al., 2014), and the desire to keep jump-risk exposure below
a certain level dominates an investor’s portfolio strategy (Ait-Sahalia et al., 2009).

Empirical finance seeks to estimate the volatility, dependence and extreme changes in
the prices of financial assets. The use of very high-frequency data allows these quantities
to be estimated precisely, but poses at least two major problems: 1) the Epps effect®
biases estimates of covariances/correlations in asset returns, and 2) microstructure noise
can bias estimates of realized volatility calculated with very high-frequency data.

In practice, observed prices do not always immediately change with the underlying
efficient price, but rather react “sluggishly”. Bandi et al. (2017) find that small price ad-
justments are often smaller than one would expect from the underlying semimartingale
assumption.? A different form of sluggishness can arise for price jumps. Li, Todorov,
Tauchen, and Chen (2017) find that jumps of less-liquid individual assets typically lag
those of the more-liquid market index, while Barndorff-Nielsen et al. (2009) report that
jumps may develop gradually, with a sequence of smaller jumps instead of a single large
jump. Sluggish alignment of transaction prices with their efficient counterparts produces
asynchronous observed jumps that lead to an underestimation of cojump frequency and
asset price dependence. In other words, mistimed jumps produce an effect analogous
to the Epps (1979) effect. This mistiming is a problem because standard cojump tests
implicitly assume that transaction prices across assets adjust simultaneously (e.g., Boller-
slev et al., 2008; Bandi and Reno, 2016). Most researchers have dealt with this problem
by settling for a coarse sampling grid, e.g., 5- or 10-minute data (Barndorff-Nielsen et al.,
2009; Bollerslev et al., 2008; Jacod et al., 2009; Lahaye et al., 2011; Li et al., 2019), but
while a coarse grid reduces microstructure effects, it smooths price changes too much
(A1t-Sahalia, 2004).

We propose an alternative method of sampling data to recover underlying efficient
prices and the common jumps in a basket of stocks. Our method is not a new jump test
but rather a novel method of organizing data, in the way that refresh-time sampling and
time aggregation (i.e., coarser sampling) are methods of organizing data. Our method
assumes that the carefully watched exchange-traded fund (ETF) price tracks the latent,
equilibrium (also often called “efficient”) value of a stock index, but that sluggish news
impoundment to the price of individual stocks can create a temporary spread between
the value of a synthetic index and the efficient ETF price.

To minimize this index-ETF spread, we extend and apply the combinatorial methods
of Puccetti and Riischendorf (2012) and Embrechts et al. (2013) to optimally rearrange

'"Epps (1979) shows the estimated correlation between two assets returns becomes more biased toward
zero as the sampling interval gets shorter, e.g., from 1-minute to 1-second.

2Bandi et al. (2017) define sluggish prices as price adjustments smaller (in absolute value) than a
given threshold. They show that the fraction of sluggish prices converges to zero if the price process is a
semimartingale, but tends to a number between 0 (not included) and 1 if the price dynamics are staler
than implied by the ubiquitous semimartingale assumption.



asynchronous jumps in time. This algorithm of Puccetti and Riischendorf (2012) and Em-
brechts et al. (2013) is best known for actuarial applications, but has also been applied
to other disciplines, such as option pricing (e.g., Bondarenko and Bernard, 2024) and
operations research (e.g., Boudt et al., 2018). We denote our extension of these combina-
torial methods as the “Rearrangement Mixed-Integer Linear Program”. Rearrangement
improves covariance estimation without sacrificing high-frequency precision.

We illustrate the method using New York Stock Exchange data for the Dow 30 stocks
and the DIA ETF. Rearranged jumps tend to coincide with major macroeconomic an-
nouncements — most notably those related to Federal Reserve communications — support-
ing the interpretation of sluggish price adjustment to systemic news. The results show
that the proposed rearrangement successfully recovers common, efficient jumps that are
otherwise scattered across individual stocks. The rearranged returns improve the estima-
tion of realized jump covariances, enhance the predictive power of realized jump betas in
forecasting daily returns and improve trading rules.

We proceed as follows. Section 2 details the synchronization method using a toy
example. Section 3 illustrates an empirical example of asynchronous reactions to news
in the Dow 30 and shows the impact of the rearrangement on the estimation of realized
jump betas. Section 4 concludes. Additional implementation details and discussions are
provided in the Online Supplement.

2 Synchronizing jumps: A combinatorial problem

Non-synchronous trading at high frequencies leads to so-called stale prices. Addressing
asynchronicity through coordinated data collection and organization has been integral
to covariance estimations since at least Epps (1979) and remains an active area of fi-
nancial research, see e.g., Barndorff-Nielsen et al. (2011) or Boudt et al. (2017) and the
references therein. Despite this progress, existing sampling schemes like refresh-time sam-
pling (Barndorff-Nielsen et al., 2011) are not designed to handle asynchronous reactions
to news, because stale prices are not the only cause of asynchronous jumps. Sometimes
asset prices may react “sluggishly” to the same news event — that is, news may be im-
pounded into their prices with a delay, even while trading continues. To address this
problem, we coordinate the timing of multivariate jumps (news reactions) using what we
call ‘Jump Synchronization’. This method of data organization realigns mistimed jumps
across assets, so that delayed reactions to a common news event are synchronized.
Figure 1 compares refresh-time sampling to jump synchronization in the presence of
asynchronous observations and jumps. It draws inspiration from Figure 1 in Barndorff-
Nielsen et al. (2011), which illustrates refresh-time sampling in a situation with three
assets (in the absence of jumps). We expand upon this concept to include scenarios with
asynchronous jumps in prices of three assets: a basket instrument and its two underlying
stocks. For each asset, the filled dots in Figure 1 indicate the updates in posted prices, and
an open dot represents price jumps. Vertical dashed lines represent the sampling times
generated from the three assets using refresh-time sampling. For example, the first black
dot (highlighted by the yellow triangle) represents the time it takes for all three assets
to trade. Because (il)liquidity issues® are not the sole cause(s) of asynchronous jumps,

3 Asynchronous jumps in asset prices happen for several reasons, not just differences in liquidity. Assets
may react differently to news based on the traders involved, their beliefs, and actions. For example, major
news like the FOMC statement on September 18, 2007, discussed in Section 3.3, triggered an increase



however, refresh-time sampling alone does not resolve the problem of asynchronous jumps.

Figure 1: Jump synchronization
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Note: This diagrams compares refresh-time sampling to jump synchronization in the pres-
ence of asynchronous observations and jumps. In each asset’s case, the filled dots indicate
when the posted prices were updated, and the open dot represents the time at which the
price jumps. The vertical dashed lines represent the sampling times generated from the
three assets using refresh-time sampling. The first black dot, highlighted by the yellow
triangle, marks the first refresh-time, i.e., the moment when all three assets have traded at
least once. Jump synchronization rearranges mistimed jumps to occur simultaneously with
the ETF jump.

To confront asynchronicity in price adjustments, jump synchronization rearranges
mistimed jumps so that they occur simultaneously with the ETF jump. The lower section
of the diagram illustrates how jumps (open dots) in Stocks A and B are realigned with
the earlier jump in the ETF. The next subsection details how we optimally rearrange
jumps while prohibiting economically implausible rearrangements. We use a simulated
example to clarify the mechanics of the rearrangements.

2.1 A DGP for sluggish news reactions

We assume a data generating process with gradual and delayed stock price jumps.* Trad-
ing frictions may prevent the observed prices from immediately reflecting a jump in the

in trading, unlike the typical activity seen throughout the rest of the day (not reported). This suggests
that time variation in trading intensity contributes to asynchronous jumps.

4Gradual jumps are when the prices exhibit strong linear trends for periods of a few minutes
(Barndorff-Nielsen et al., 2009). Jump delays are when jumps of individual assets follow those of the
highly liquid market index during market-wide events (Li, Todorov, Tauchen, and Chen, 2017).



underlying equilibrium price. The conventional martingale-plus-noise price model does
not capture such important complications for multivariate jump analysis.

Let X; = (Xi14,...,Xp¢)' denote the logarithmic p-variate, equilibrium (or so-called
“efficient”) price of the p stocks in the market index. The price process is defined on a
filtered probability space (€2, F, (F)i>0,P) and is adapted to the filtration F; that rep-
resents information available to market participants at time ¢ > 0. We assume that
X operates in an arbitrage-free, frictionless market, which implies that X is a semi-
martingale. Econometricians (see Ait-Sahalia and Jacod, 2014) model stock prices as a
jump-diffusion process:

X, = X{+ X¢, with,

t t
X¢ = X0+/ bsds+/ o dWs, .
0 0 (1)
Xi=) " AX,,
s<t

in which X¢ (resp. X2) is the continuous (resp. discontinuous) part of Xy, b is the drift,
o is the stochastic (co)volatility, W is a multivariate Brownian motion, and AX; :=
X;— X;_, where X;_, the left limit at time ¢, denotes the jumps of X at time t. A stock’s
growth prospects generate a jump in single stock price (Christensen et al., 2023; Lee
and Mykland, 2008) but major economic news, such as pre-scheduled announcements,
natural disasters or geopolitical conflicts, trigger common (i.e., synchronous) jumps in
related stock prices (see Li, Todorov, Tauchen, and Chen, 2017, for examples). Several
cojumps tests have been proposed in the literature, including Jacod et al. (2009), Caporin
et al. (2017), Bandi and Reno (2016), Gnabo et al. (2014), and Bibinger and Winkelmann
(2015).

In practice, we observe discretely sampled, noisy transaction prices, rather than the
latent process in (1). Frictions such as tick size, discrete observations, bid-ask spreads,
adverse selection, liquidity, and inventory control produce market microstructure noise
(see e.g., Christensen et al., 2014; Lee and Mykland, 2012).

To account for this, we rewrite the logarithmic price process Y; = (Y14, ..., Y,;) ' for p
stocks as the sum of two components: Y4 , a noisy observation of the continuous price

component X¢ , and Y4 , a noisy observation of the discontinuous price component
(YA 1An

AXE:

c . c
iN, T NiA, + Uin,, s (2)
d ._ §

YiAn — bs,iAn AXS

s<ilAp

Here, i = 0,...,|T/A, ]| indexes the regular observation times across a fixed time span
T (e.g., one trading day), A,, denotes the width of the sampling interval, and |-] is the
floor function. The term wu;a, represents classical market microstructure noise, while the
jump component of prices is modeled as a weighted sum of past and contemporaneous
efficient price jumps. The weights b, ;a, determine the progress to efficiency, that is, the
fraction of an efficient price jump at time s that has been incorporated into observed
prices by time iA,,. Typically, bs,;a, = 0 before the jump in the efficient price (iA,, < s)
and bs;a, = 1 once prices have fully adjusted (iA,, > s). In the presence of sluggish
adjustment or overreaction, however, b,;a, evolves as a step function that gradually



reaches (or temporarily exceeds) 1, capturing the delayed (or overshooting) impoundment
of information into prices.

There are thus two types of noise in (2): one affecting the continuous part and another
affecting the discontinuous part. Microstructure noise v contaminates the efficient price
process X, but is typically too small to substantially contaminate the discontinuous part
X4, By itself, it cannot generate gradual jumps (as in Barndorff-Nielsen, Hansen, Lunde,
and Shephard, 2009) or delayed jumps (as in Li et al., 2017). We instead capture mistimed
or mismeasured jumps in a separate noisy jump component Y¢ which allows for sluggish
news reactions that spread a single efficient jump over several time intervals. We refer to
these as “sluggish jumps”, referring to delayed or gradual adjustments of observed prices
to an underlying efficient price jump.

Figure 2 shows a simulated sample path of this new DGP (2) for second-by-second
prices of a single stock (see Appendix A of the Online Supplement for details on the
simulation setup). The gray line in the top panel of Figure 2 illustrates that the efficient
stock price jumps at 12:45 in reaction to news. In the following 112 seconds, the ob-
served price (in black) catches up with the new equilibrium level (in gray) by gradually
matching the jump. The middle and bottom panels, respectively, decompose the price
process into its continuous component and its discontinuous component. The middle
panel compares the efficient continuous price trajectory with that contaminated by mar-
ket microstructure noise. The bottom panel compares the efficient, abrupt jump with
the contaminated, more gradual jump. Appendix A of the Online Supplement provides
further implementation details on how to spread the jump over several time intervals.

A coarser sampling grid, i.e., at a lower sampling frequency A,,, reduces the impact
of noise but oversmooths changes (as in Bollerslev et al., 2008; Lahaye et al., 2011; Li
et al., 2019), which reduces the probability that one can recognize a jump (Ait-Sahalia,
2004).

2.2 Collecting asynchronous jumps in a jump-event matrix

When multiple stocks react sluggishly to new information, their jumps will generally be
asynchronous on a fine sampling grid, and these jumps will not all coincide with the jump
in the price of an index-tracking ETF. Empirically, jumps of less-liquid individual assets
typically lag those of the more-liquid market index, (Li, Todorov, Tauchen, and Chen,
2017) and the ETF price jumps more often than that of a synthetic stock index price
(Bollerslev et al., 2008).

2.2.1 The spread measures sluggishness in high-frequency data

Let wy¢, with k =1, ..., p, be the weights allocated to each stock in the market index at
each moment in time. The price of the synthetically constructed index portfolio, Sia,,, is
a linear combination of the observed stock prices in (2), sluggishly incorporating jumps:

p
Sin, = Z Wi, YiiA, - (3)
1

We assume that the observed log price of an ETF, Z;, efficiently prices the index of



Figure 2: The discontinuous component of a stock’s price may react sluggishly to news
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Note: We plot the decomposition of the efficient (1) and observed (2) log price process for
one simulated, sample path during a short event window. The top panel shows the log price.
The middle panel shows the continuous part of the log price, and the bottom panel shows
the discontinuous part of the log price. The efficient stock price jumps at 1A, = 11,701 or
12:45. Market microstructure noise contaminates the continuous part of the price process,
while delays in the jump process contaminate the discontinuous part of the price process.

the p stocks (1), incorporating jumps in the p efficient stock prices:

P
Zy = Zwk,th,t- (4)
k=1

The deviation or spread in prices, denoted §? A, > 18 the difference between the observed
price of a synthetic stock index (3) and the observed price of an ETF tracking the index

(4):

5fAn = A, T ZiAn‘ (5)

5To simplify our notation, we rely on a weighted average of individual log returns rather than simple
returns. This difference is minor in empirical applications (Jondeau, Poon, and Rockinger, 2007, pp. 9).



We can define the return spread as the difference between the observed returns on a
synthetic stock index, A"S := >"F_| wy i, Al'Y}, and the observed returns of an ETF on
the index, A}Z := Zia, — Z(i—1)a,, Or, equivalently, the percentage change of the price
spread in (5):

n’

ia, = 0in, — 5@'_1)% =AfS - A Z. (6)

In the absence of microstructure noise and/or sluggish jumps, we would expect the
ETF log price Z to equal the synthetic log price S. However, these phenomena cause the
price of the synthetic index portfolio to deviate from the presumably efficient price of an
ETF tracking the index.® The sluggish jump component is much larger than microstruc-
ture noise, so asynchronous impoundment of news drives the spread in prices. Hence, the
spread (5) between the ETF price and a synthetically constructed index measures “slug-
gishness” — the collective misalignment of noisy stock prices with their efficient levels.
We seek to rearrange jumps in time to minimize the spread and approximately recover
the latent efficient price.

A stylized 3-stock universe (p = 3) and a corresponding ETF illustrate our procedure.
The stock names A, B and C correspond to the indices £ = 1,2 and 3. The ABC ETF
price is an equally weighted average of the underlying stocks’ efficient prices (4), and the
synthetic ABC portfolio price is an equally weighted average of observed stock prices (3).
The sampling frequency is one minute, i.e., A, = 1/390.

Each row in the vectors below represents a percentage return of the three stocks and
the ABC ETF in one time interval. The jump returns are underlined. For example, in
the first minute, stock A’s price fell 0.018 percent, stock B’s price rose 0.015 percent,
stock C’s price fell 0.12 percent, and the ABC ETF price fell 0.039 percent.

—0.018 0.015 ~0.120 —0.039

—0.031 —0.067 —0.104 —0.071
AY) = [=0.057 |, ATY, = [=0.029| , ATY; = | 0.088| , and A'Z = | 0.807
0.629 1.201 0.017 0.001

0.651 0.062 0.074 0.073

(8)

The timings of these jumps shows that stock prices asynchronously incorporate news.
The ETF’s price (last column) jumps 0.807 percent in the third minute. Stock A’s price
(first column) jumps late and gradually in 2 segments and takes 2 minutes longer than
the ETEF’s price (last column) to complete its jumps. Stock B’s jump (second column) is
delayed by one minute. That is, the information in the ETF jump is not impounded into
stock B’s price for a minute. Stock C does not jump at all (third column).

SWithin our theoretical model descriptions, the difference between the price of the synthetic index
and the ETF price (5) equals a microstructure noise component minus the discontinuous component that
has not yet been impounded into the observed prices:

P P
_ d d
Sin, — Zin, = E W iA, Uk,iA, T E Wk in, (Yman - Xk,mn) : (7)
k=1 k=1

This sharp theoretical decomposition is unobservable to the econometrician in empirical data.



These delays cause the implied (inefficient) returns of the synthetic ABC portfolio to
deviate from the (efficient) returns of the ABC ETF. The sum of the first three columns
of the matrix below (equation (9)) is the return to the synthetic ABC portfolio, that is,
the equally weighted sum of the log returns of stocks A, B, and C (the first three columns
in Equation (8)). The fourth column on the left side of the equal sign in Equation (9) is
the efficient log return of the ABC ETF (the last column in (8)). The difference between
the return to the synthetic ABC portfolio and the ABC ETF is on the right-hand side
of Equation (9). This difference is the return spread, i.e., 6], in (6), in each of the five
periods.

1/3(—0.018 + 0.015 — 0.120) — (—0.039) —0.002
1/3(—0.031 — 0.067 — 0.104) — (—0.071) 0.003
A, = | Y/3(—0.057 —0.029 +0.088) —  0.807 = | —0.807 |. 9)
13 0.629 4+ 1.201 + 0.017) —  0.001 0.614
U/3( 0.651 + 0.062 + 0.074) — 0.073 0.189
- ~ s N——— T N——
PG P e

In the first two periods, the returns of the synthetic index portfolio are almost the same as
the returns to the ETF, producing only small deviations on the right-hand side. Here, only
microstructure noise separates the two prices. In the third period, the ETF price jumps
by 0.807 percent, while the prices of the individual stocks do not move much, leading
to a large negative spread. In the fourth and fifth periods, the prices of the portfolio of
individual stocks catch up to the ETF jump, leading to large positive spreads.

This stylized example illustrates the central problem in the analysis of common jumps
on a fine sampling grid. If news reached the entire market instantly, was interpreted ho-
mogeneously, and trading were continuous, jumps in individual stocks would presumably
occur simultaneously with the ETF index jump and the spreads would be small and ran-
dom. Heterogeneous reactions to news produce asynchronous jumps in observed prices,
however, and the spread temporarily expands and contracts again.

2.2.2 Decomposition of the spread

To isolate the effect of asynchronous jumps on the spread (6), we separate the return of
the synthetic stock index portfolio into discontinuous (i.e., jump) and continuous parts.
The return of this portfolio, A’S, is the weighted average of the observed returns from
each individual stock in the portfolio, > 7_, wga, AYy, in which A?Yj, for k =1, ..., p,
is the A7-th observed return of the k-th stock.

Jump tests, such as the one developed by Lee and Mykland (2008), help us flag large
observed stock returns as jumps. We use Boudt and Zhang (2015)’s modified Lee and
Mykland (2008) jump test that accounts for periodicity and microstructure noise. The
Online Supplement details this test.

Define the binary variable Jump, ;5 = as taking the value 1 when a jump is detected in
the A-th return of the k-th stock and 0 otherwise. Each stock return can be decomposed
as

ALYy = AV Ty + AY Cy, (10)



i.e., the sum of a jump return, defined as A}'Jy := A}'Y} - Jump, ;», and a continuous
return APCy = A}Yy - (1 — Jumpy ;4 ).

Using this decomposition, the return spread (6) is a linear combination of the weighted
stock jump returns, the weighted continuous stock returns, and the ETF returns:

p p
(6) (10)
in, = AVS =AM = E Wkin, A I + E Wkin, A Cr— AlZ. (11)
———— N——
k=1 . k=1 )
Weighted Weighted ETF returns
jump continuous
stock returns stock returns
N - 7
Target

We seek to optimally change the time labels of the jump returns of individual stocks (the
first term) to offset the ETF jump (included in the second term). The target value of the
offset is the weighted sum of the continuous stock returns less the ETF return. Recall that
if the stocks and the ETF impound news simultaneously, the spread in returns should be
small, containing only microstructure noise.

Our method does not differentiate between ETF jumps originating from market-wide
news or from a jump in a large-weight constituent stock. The method only requires that
the ETF price path serves as a reliable target for the efficient impoundment of news.
This point is particularly relevant for the price-weighted DJIA ETF in our empirical
application.

2.2.3 Construction of the jump-event matrix

To synchronize jumps within an event window, we create a jump-event matrix I', which
is an easier-to-handle representation of the decomposition in (11) with the following
structure:

U= () = | wia, AL, Tia, | (12)

—— Wy

Weighted Target
jump

stock returns
The matrix I' consists of elements ~;;, with ¢ = 1,...,h and [ = 1,...,q, where h is the
number of time periods in the event window around the ETF jump, and g—1 is the number
of jumps in individual stocks within the time interval, not the number of stocks. Some
stocks may jump more than once or not at all. The event window, W, := [[1A,, [LA,],
covers a range of h := LA, — 1A, + 1 time periods.

The matrix’s first ¢ — 1 columns consist of vectors of weighted stock jump returns
sampled within this event window. If a stock jumps multiple times, such as stock A
in our stylized example, separate jumps appear in different columns. Each jump vector
contains one and only one non-zero element. Stocks that do not jump, such as stock
C in our stylized example, do not contribute to the weighted stock jump returns. The
matrix’s gth column is the target vector, Tja, = (O_1_, Wkin, ATCy) — A'Z, which
is the difference between the continuous returns of the synthetic stock index portfolio,
> or_ Wkin, A'Cy, and the ETF returns A'Z.

Within I', we rearrange the stock jumps, but never the elements of the target column.
Each row-sum is a linear combination of stock jumps, the stock’s continuous returns and

10



the ETF returns, that equals the return spreads (11):

.=

]

(Yim) = [0, Jiewn- (13)

m=1

In our ABC example, the jump-event matrix (12) is:

0.000 0.000 0.000 —0.002 —0.002
0.000 0.000 0.000 0.003 0.003
= 0.000 0.000 0.000 —0.807 |, with row-sums I'" = [—0.807
0.210 0.000 0.400 0.004 0.614
0.000 0.217 0.000 —0.028 0.189
~ ~~ 7 N~
Wt_aighted Target
jump

stock returns

The first three columns of the jump-event matrix correspond to the three individual stock
jumps across an event window from two minutes before to two minutes after the ETF
jump. In this example, the first two columns contain the gradual jumps of stock A, and
the third column contains the delayed jump of stock B. Generally, the stock jump sizes
are weighted by their shares of the index, but this example uses an equally weighted
index for simplicity. The fourth column in the jump-event matrix is a target vector that
contains the difference between the continuous returns of the stocks and the ETF returns.
The return spread is the sum of the row-sums of the weighted jump stock returns and the
target column, i.e. the row-sums of the jump-event matrix (13). As before (in 2.2.1), the
return spread becomes negative in period 3 and then positive in periods 4 and 5 because
the ETF jumps in period 3, but stocks A and B do not jump until periods 4 and 5.

2.3 Rearranging the elements within the jump-event matrix

After decomposing the stock returns into jump and non-jump returns, we can rearrange
the stock jumps in the jump-event matrix to offset the target column and minimize the
variability of the return spreads, i.e., the row-sums.

A rearrangement of a specific column in the A X ¢ jump-event matrix is determined by
a permutation 7; of its h elements, with [ = 1,...,¢. This permutation 7; is represented
compactly as a vector mapping the original order into a new order:

o= () ml) i) (11

Each column in the jump-event matrix has a permutation. The collection of these per-
mutations for all ¢ columns is denoted by 7 := (7, ..., m,).

A rearrangement of the jump-event matrix, as defined in (12), is a new matrix, denoted
with a 7 in its superscript:

Rearrangement

n s n ymw
I':.= wmnAZ- J, T;An ) I'" .= wiAnAi J s ﬂAn ) . (15)
———— N IEW, —— = iEW,
Weighted  Target Rearranged  Target
jump weighted
stock returns jump

stock returns

In this new matrix, the elements 7], correspond to the new configuration of the ma-
trix. The vector wia, AT J™ == (w1,a, AL JT, s We—1ia, A J7 1) consists of the rearranged
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weighted stock jump returns. By changing the order of elements within the jump return
vectors, this new version of the matrix reflects a different arrangement of stock jumps.
The target column remains unchanged: we do not swap any elements in the gth column
in the jump-event matrix, and it does not carry a 7 in its superscript.

The row-sums of the rearranged jump-event matrix I'"™ are the new return spreads:

q

I =Y (45,). (16)

m=1

The arrangement (and thus timing) of the stock jumps influence these row-sums. This
makes them valuable for examining scenarios and understanding the impact of different
timings.

Returning to the ABC example: let’s consider a specific permutation m; (see (14)),
which swaps the 3rd and the 4th observations in the first column in the jump-event

matrix:
(1 2 3 45
Mm=\124 3 5)

This swap rearranges the jump-event matrix, switching the 3rd and 4th rows of the first
column, shifting a stock A’s first jump back one period and a zero forward, thereby
reducing the variability of the row-sums:

0.000 0.000 0.000 —0.002 —0.002
0.000 0.000 0.000 0.003 0.003
'™ = | 0.210 0.000 0.000 —0.807 | ,with row-sums I'™" = [—0.597
0.000 0.000 0.400 0.004 0.404
0.000 0.217 0.000 —0.028 0.189
A ~~ S——
Rearranged Target
weighted
jump

stock returns

2.4 The best rearrangement of the jump-event matrix

Under the assumption that the latent prices of the stock index and the ETF move in
lockstep, the best jump rearrangement minimizes the variability of the return spreads,
i.e., misalignment. This reduction is called “flattening”. Formally, we minimize the
return-spread range:

min R (I'™F) . (17)
The range R(-) is the difference between the highest and lowest row-sums:

R(T™%) =10 = T%, (18)
in which the subscripts (7) in parentheses indicate the i-th order statistic of the sample
of row-sums. By minimizing R, the optimization problem finds the best alignment of
individual stock jumps with the ETF jump and minimizes the return spreads across all
rows, reflecting a coordinated market reaction.

The combinatorial optimization problem (17) is studied by the pioneering work of
Puccetti and Riischendorf (2012) and Embrechts et al. (2013). Their Rearrangement
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Algorithm loops over each column in a matrix to order it oppositely to the sum of the
other columns (see Appendix B in the Online Supplement for details). This algorithm is
best known as an actuarial tool to bound portfolio risk, but also has applications in other
disciplines, such as option pricing (e.g., Bondarenko and Bernard, 2024) and operations
research (e.g., Boudt et al., 2018).

The Rearrangement Algorithm does not constrain the rearrangements, however. For
example, it can move jumps either forward or backward in time. We introduce the
“Rearrangement Mixed-Integer Linear Program” (RMILP) to constrain the procedure
from economically implausible rearrangements.

2.4.1 Understanding the RMILP

In operations research, one often seeks to minimize a function subject to a set of con-
straints. For example, one may wish to find a vector & that minimizes ¢'x, with ¢ a
given vector, subject to some constraints on . The RMILP introduced here follows the
same principle, adding restrictions to rule out economically implausible rearrangements.
To avoid profligacy — that is, excessive or unrealistic changes to the original data — we
solve the optimization problem under progressively relaxed constraint, allowing just one,
two, or more shifts in time.

Permutations as permutation matrices

To rearrange (i.e., permute) the h observations in a single column in the jump-event
matrix, we use the column representation of a permutation matrix. Given that the jump-
event matrix has 4 columns, our solution will involve 4 permutation matrices, one for
each column.

The h x h permutation matrix, denoted as Py, reorders the columns of the identity
matrix [, to represent a permutation 7, as we defined earlier in (14):

€m(1)
€m(2)

Pﬂz = (pii’> = (19)

€r(h)

For each i, the element p;; is 1 if ¢ = m(i), and 0 otherwise. This means that the entries
of the ith row are all zero except for a 1 that appears in column (7). We can think of
these rows as basis vectors, where e; is a row-vector of length A with a 1 on position 7
and a 0 on every other position. Note that the arguments in the subscripts of the basis
vectors match the permutation order in (14).

This representation is crucial for the RMILP because a permutation matrix (19) can
track how far each element shifted by measuring deviations from the diagonal. Such track-
ing is essential for imposing economically meaningful restrictions on movement: some
jumps may be constrained to move only within a limited range, while others (such as
those already synchronized with the ETF) are not allowed to move at all. For example,
we can specify a maximum allowable distance from the diagonal to not let the jumps
stray too far within the event window (see Section 2.4.3 for further elaboration).

The permutation discussed in the example of Section 2.3, m; switches the 3rd and 4th
rows of the 1st column in a jump-event matrix, and corresponds to the following 5 x 5
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(there are 5 rows in the jump-event matrix) permutation matrix:

em(l) € 1 0 0 0O
eﬂl(g) €9 01 000
P = |enm| = e =0 00 1 0],
6771(4) €3 00 l 0 0
€ri(5) €5 00 001

where column ¢’ of the I5 identity matrix now appears as the column 7(i") of Py,. The
changes occur in the vertical, 7, dimension: upward moves in the permutation matrix are
backward moves in time, while downward moves in the permutation matrix are forward
moves in time. The fourth element, which is on position (4,4) in I, shifts one spot
backward in time by shifting one step upward in the permutation matrix. The third
element, which is on position (3,3) in I5, shifts one step forward in time by shifting one
step downward in the permutation matrix. In other words, P, switches the period 3
return with the period 4 return.

There is a distinct permutation matrix for each of the ¢ columns in the jump-event
matrix, i.e., for each stock jump and the target. These matrices are then concatenated
to form the co-permutation matrix IT of dimension h x (hq):

IT = (plii’) - |:P7T17P7T27 "'7P7Tqi| ) (20)

with [ = 1,...,q, 4,4 = 1,...,h and P, is short notation for the h x h permutation
matrix for the first column in the jump-event matrix. Similarly, Pr,, Pr,, ..., P, are the
permutation matrices for the 2nd, 3rd, ..., and gth columns, respectively.

Extracting the row-sums with permutation matrices

To produce the return spreads, we transform the jump-event matrix into a column vector
and then premultipy the (vectorized) jump-event matrix by the co-permutation matrix:

™% =11 x vec(I), (21)
or, equivalently:
- J7"71+_ [Y11]
n7
J”’; D111 P12 --- DPiih | P211 D212 --- P21k | --- | Pgil Pqi2 --- DPqlh 721
J77Lr’,+ . Pi21 Pi22 ... DPi2n | P221 P222 .- P22h | ---| Pg21 DPq22 --- DPg2h :
T ' : : KPR : : Yn1
;r i Pin1 Pin2 .-+ DPihh | P2h1 P2n2 --- P2hh | --- | Pqghl Pqh2 --- DPghh :
L hq

in which vec(I'), the vectorized version of the observed jump-event matrix I' = ()
with ¢ = 1,...,h and [ = 1,...,¢q, is a stacked column vector of dimension hg x 1. The
co-permutation matrix Il rearranges this vector. The matrix product in (21) is an h X
1 column vector (the left side of the equal sign). Each entry is a row-sum from the
rearranged jump-event matrix.

Flattening the row-sums by choosing the best permutation matrices

Recall that linear programs are problems that can be expressed in canonical form as:
“Find a vector & that minimizes ¢' @, with ¢ a given vector, subject to some constraints
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on x”. Because we cannot directly express the objective function, R, as a function of the
permutation matrices in II, the RMILP steps slightly outside the bounds of conventional
linear programming to get the appropriate form indirectly.” The RMILP aims to find
the co-permutation matrix II, along with two auxiliary boundary values, L (lower) and
U (upper), to minimize the interval U — L:

Find II, L, U that minimizes U — L,

. - . (22)

subject to L < J;7" < U, fori=1,..,h,
in which II is the co-permutation matrix, which defines the rearranged jump-event matrix,
and L and U define lower and upper bounds of an unknown interval.

This objective function alone does not directly minimize the range of the row-sums.
We link L and U to II by constraining the decision variables with inequality constraints:
L and U mark the bounds within which all row-sums J;T:;r fall. Seemingly trivial, this
constraint indirectly sets the smallest possible (the minimum) and largest possible (max-
imum) row-sum.® By minimizing U — L, subject to the inequality constraint, the RMILP
squeezes these boundaries together, as closely as possible, and thereby ensures that the
optimal solutions for L and U (denoted L* and U*) equal the smallest and largest row-
sums:

L* = Jrdy and U= J77. (23)
A simple proof by contradiction suffices to confirm this statement: if L* and U* did not
correspond to the smallest and largest row-sums, one could still further reduce U — L.

The program in (22) chooses three decision variables — II, L, and U~ to minimize the
range of the row-sums. The optimization problem thus becomes a “mixed-integer” linear
program, with IT composed of binary elements (0, 1) and continuous values for L and U.

2.4.2 Other necessary constraints for the RMILP

In the RMILP, we also restrict the co-permutation matrix (20) with a permutation con-
straint and a target constraint. The permutation constraint requires that each permuta-
tion matrix is composed entirely of zeros and ones, and that each row and column in the
permutation matrix sums to one. An identity matrix satisfies this constraint, for example,
as does an identity matrix with its rows rearranged in any order. The target constraint
prohibits changes in the order of the elements in the target column. The combination of
these minimal conditions produces rearrangements that minimize the range.

"While the matrix product in (21) can, with a fixed co-permutation matrix II, easily extract any
specific row-sum, i.e., Jg”fr, J:;’;, e J;:; (indices without brackets), there is no possible choice of II that
produces the maximum or minimum of the row-sums specified in the objective function, i.e., the order

statistics Jz’a) and J::’(Z) (indices with brackets) through the matrix product alone.

8The row-sums JZ:F in the middle of the constraint result from the matrix product in (21) for a given
arrangement of jumps. The left inequality in the constraint of (22) defines a lower boundary in a set of
row-sums (by definition, each individual row-sum should greater than or equal to the minimum) and the
right inequality defines an upper boundary in a set of row-sums (by definition, each individual row-sum
should be less than or equal to the maximum). The outer boundaries, the lower boundary should be less
than or equal to the upper boundary, ensures that the minimum is always smaller than the maximum,
as by definition.
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The permutation constraints

To define a proper co-permutation matrix (20), we set up equality constraints in the
linear program:

hooh
subject to i Z me/ = hg, (24)

=1 i=1 i'=1
h
me/ =1, fori=1,...,hand [ =1,...,q, (25)
i'=1
h
me/ =1, forl=1,..,qand ¢ =1,... h. (26)
i=1

Constraint (24) requires that each permutation matrix (19) contains h ones, correspond-
ing to selecting all (exactly h) elements in each column in the jump-event matrix. Thus,
the total sum across all ¢ permutation matrices in the co-permutation matrix equals hgq.
Constraint (25) imposes that the rows of each permutation matrix to sum to 1. This
prevents multiple or no elements in certain positions of the rearranged matrix. Finally,
constraint (26) guarantees that no number is repeated within any column in the rear-
ranged matrix.

The target

We also impose an equality constraint on the permutation matrix of the last column in
the jump-event matrix P that ensures that the RMILP does not rearrange the target
column:

subject to (diag(Pr,)); =1, fori=1,... h. (27)

In other words, the permutation matrix (19) associated with the gth column in the jump-
event matrix P, must be an identity matrix.

2.4.3 Adapting the RMILP with additional constraints

Linear programming allows us to rule out economically implausible rearrangements of
jumps. For example, we can prohibit large moves or restrict moves in a particular direction
with the aid of a distance matrix, denoted D,,. This matrix tracks how far each element
in a permutation matrix (19) is displaced from its original position. Because the baseline
order of a permutation matrix is an identity matrix of dimension h x h, D,, is a matrix
of the same dimension, with zeros on the diagonal and increasing values away from the
diagonal:

0 1 oo h—2 h—1

1 0 oo h—3 h-2

Dy, = (di) : : : : : (28)
h—2 h—3 --- 0 1
h—1 h—2 --- 1 0

In practice, we do not need the full distance matrix. We simplify it by restricting attention
to economically meaningful movements. In this paper, we only allow stock jumps to be
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moved backward in time because we assume that stock prices cannot plausibly lead the
highly liquid and carefully watched ETF. To only monitor these backward moves, we
use the upper triangular portion of D,, and set the remaining entries to zero. Moreover,
because the permutation matrix (19) tracks the rearrangements of both jumps and non-
jumps (the zero entries in the jump-event matrix), we disable irrelevant columns of D,,
so that only jump positions contribute to the computed distances. That is, if a price
jump occurs in period i = i*, we set all columns with ¢ # ¢* of D,, to zero.

The distance matrix provides a simple way to measure how far each jump is moved
in time. For each column [ in the jump-event matrix, we can calculate the total distance
traveled as a matrix product of a vectorized permutation matrix (encoding the rearrange-
ment) and a vectorized distance matrix (quantifying the displacement implied by that
rearrangement):

d(Py,) = vecr (Pr,) x vecr (Dn)T, fori=1,...,q. (29)

The vecr(+) function concatenates the rows of a matrix (unlike standard vectorization,
which stacks columns), producing a 1 x hq row-vector. Having quantified the distance
each jump can move, we can now impose a constraint that limits it:

subject to d(Py,) < ¢, forl=1,....,q¢—1, (30)

where ¢ > 0 denotes the maximum permitted backward shift. The qth column is exempt
from this constraint, as the target column remains fixed. In applying our methods to
the data, we re-optimize under several candidate values of ¢ and select the solution
that achieves the smallest criterion value with the fewest rearrangements. In practical
applications, the constraint could also be tailored to each stock based on its liquidity.
The trace plot in Figure 3 illustrates how the RMILP behaves as we relax the con-
straint on the maximum allowable length of the move. The top panel shows the range of
the spreads (i.e., the criterion value), as a function of the permitted maximum length of
the move — set to a maximum of zero, one, two, three or four minutes — for the jump-event
matrix from the previous stylized example. The negative slope of the line shows that per-
mitting larger backward shifts progressively flattens the return spreads, indicating closer
synchronization across assets. The bottom panel shows how corresponding jump arrival
periods change with the constraint. With no backward moves allowed, jumps 1 and 3
arrive in period 4 and jump 3 arrives in period 5, as in the observed prices. If we permit
one backward move for each jump, the RMILP moves jumps 1 and 3 to period 3 while
if we permit 2 backward moves, the RMILP moves all jumps to period 3. The smallest
range (0.048 percent) occurs with two backward shifts, aligning all the jumps in the third
period in the bottom panel. For reference, this optimal rearrangement produces the fol-
lowing transformation of the jump-event matrix, with the jumps now aligned in period

3:

0.000 0.000 0.000 —0.002 0.000 0.000 0.000 —0.002
0.000 0.000 0.000 0.003 The best 0.000 0.000 0.000 0.003
I'=1 0.000 0.000 0.000 —0.807 c o .= 0.210 0.217 0.400 —0.807
0.210 0.000 0.400 0.004 | rearrangement 0.000 0.000 0.000 0.004
0.000 0.217 0.000 —0.028 0.000 0.000 0.000 —0.028
~~ i N ~~ e
Weighted Target Rearranged Target
jump weighted
stock returns jump

stock returns
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Figure 3: Trace plot — Range of the spreads and jump arrival times as a function of the
permitted maximum length of the move
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Note: This figure plots the range of the return spreads (the row-sums of the jump-event
matrix) and the implied jump arrival times as a function of the length of permitted backward
moves of the jumps in each of the columns. The RMILP rearranges the gradual jump of
stock A (Jump 1 in the 4th period and Jump 2 in the 5th period) and the delayed jump
of stock B (Jump 3 in the 4th period). We allow each jump to move backward in time a
maximum of zero, one, two, three, four minutes and solve the RMILP for each of these five
possible constraints.

Figure 4 shows prices before and after this optimal rearrangement of jumps. The first
and second panels show that the observed (black) prices of stock A and stock B deviate
from their efficient (gray) values after the ETF jump at 12:45. The third panel shows very
small deviations in stock C’s observed prices due to the contamination of the continuous
component. The fourth panel shows that the delays cause the implied (inefficient) price
of the basket of stocks (the ABC portfolio) to deviate noticeably from the efficient ABC
ETF price from 12:45 to 12:47. The fourth panel also shows that the best rearrangement
combines two small jumps of stock A to period 3 and shifts the jumps of stock B one
period backward to period 3, aligning the jumps in time. The rearranged price paths
(green) are now much closer to the efficient price paths (black) in the 1st, 2nd and 4th
panels.
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Figure 4: The best rearrangement approximately recovers the efficient stock jumps
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Note: This figure shows the efficient (gray), observed (black) and rearranged (green) log
prices of the assets. The top panel shows that stock A jumps gradually and completes the
jump 2 minutes after the ETF in bottom panel, while the second panel shows that stock
B’s jump is 1 minute late and stock C does not jump at all (third panel). The fourth
panel shows that the delays cause the implied (inefficient) price of the basket of stocks
(the ABC portfolio) to deviate from the efficient ABC ETF price. The best rearrangement
approximately recovers the latent, efficient stock price. That is, by shifting the jumps of
stock A and stock B to earlier periods (top 2 panels), the RMILP minimizes the distance

between the price of the ETF and the synthetic portfolio (lowest panel).



3 Empirical application

We apply our proposed method to study how individual stock prices react in event win-
dows around ETF jumps. This exercise shows that timing frictions are common and that
rearrangement recovers cross-sectional dependence that would otherwise require tempo-
ral aggregation. Jumps are associated with news and jump rearrangements are even
more strongly associated with monetary policy announcements. We show that rearrange-
ment improves the estimation of realized covariances and jump betas. Compared to
raw returns, rearrangement reduces bias in estimated realized covariances, improves the
predictive power of realized jump betas and provides superior inputs to trading rules.

3.1 Data: The Dow and the DIA ETF

The NYSE Trade and Quote (TAQ) database provides equity trade data with millisecond
precision timestamps. The basket instrument is the SPDR Dow Jones Industrial Average
ETF (DIA). We compare this ETF to the price of a synthetic index of Dow 30 stock
prices, as in Bollerslev et al. (2008).7

The data span January 3, 2007 through April 2, 2020, which includes several excep-
tionally turbulent episodes, such as the global housing and credit crisis, the European
sovereign debt crisis and the bail-out of Greece, the initial Russian invasion of Ukraine
in 2014, the Turkish crisis of 2018, and the 2020 stock market crash.

We pre-filter the prices as in Barndorff-Nielsen et al. (2009). We also remove banking
holidays, half-trading days, any day where there is more than a two-hour gap between
consecutive trades and periods of malfunctioning markets, such as the 2010 flash crash,
leaving a total of N = 3,264 trading days.

There are many jumps in the data. Following Lee and Mykland (2008) and Boudt
et al. (2011b), a return is said to be contaminated by a jump when that return is ab-
normally high compared to a local and robust (jump-free) measure of volatility. We
follow the methods of Boudt and Zhang (2015) that account for intraday periodicity and
microstructure noise in computing the local measure of the volatility. Section C of the
Online Supplement describes the test. We test for jumps using one-minute returns. (i.e.,
1/A,, = 390). To minimize the problem of finding spurious jumps with many jump tests
over a sample, we follow Lee and Mykland (2008) and set a critical value based on extreme
value theory. That is, the critical values for our jump tests come from the distribution
of maxima for a set of test statistics, not the distribution of a single test statistic. More
specifically, the critical value is the 0.1% of the Gumbel distribution, which characterizes
the maximum of a set of M i.i.d. realizations of the absolute value of the standard normal
random distribution. To control the family-wise error rate across the entire sample, we
set M =1/A,, x N. For 1/A,, = 390 one-minute returns and N = 3,264 days, this gives
a critical value of 6.25.

Table 1 reports the number of jumps for the ETF and each stock in the DIA over
2007-2020. The jump test identifies 638 ETF jumps across 419 (jump) days (i.e., 12.8% of
the sample are jump days). Some days include multiple, even consecutive, 1-minute ETF

9The constituency of the Dow 30 index is dynamic. The 43 unique tickers within our sample period
are: AA, AAPL, AIG, AXP, BA, BAC, C, CAT, CSCO, CVX, DD, DIS, DOW, DWDP, GE, GM, GS,
HD, HON, HPQ, IBM, INTC, JNJ, JPM, KFT, KO, MCD, MMM, MO, MRK, MSFT, NKE, PFE, PG,
T, TRV, UNH, UTX, V, VZ, WBA, WMT and XOM.
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jumps. Jump behavior varies substantially across firms: while most DIA stocks jump on
7-13% of days, some stocks (e.g., DuPont and General Motors) jump more often.

We construct 525 jump-event matrices (as in Equation (12)) around 638 ETF jumps.
Each event window spans from 5 minutes before the ETF jump to 5 minutes after the
ETF jump. When two or more jumps occur within 5 minutes of each other, we combine
them into a single window that starts 5 minutes before the first jump and ends 5 minutes
after the last jump. For example, if jumps occur at 2:16 and 2:20, the window starts at
2:11 and ends at 2:25. For this reason, there are more ETF jumps (638) than jump-event
matrices (525). When two jumps occur more than 5 but less than 10 minutes apart, we
create two separate, non-overlapping event windows with the end of the first window and
start of the second window halfway between the two jumps. For example, if jumps occur
at 2:16 and 2:25, the first window runs from 2:11 to 2:20 and the second runs from 2:21
to 2:30.

We constrain the RMILP in three ways. In every jump-event matrix:

1. We do not rearrange the price jumps of stocks that jump with the index, because
we assume they are already efficient.

2. No stock price jumps may be moved earlier than the ETF jump.

3. No stock price jumps may be moved if the ETF jumps within the first 10 minutes
or the last 10 minutes of the trading day.

After we impose these filters, 159 matrices remain as candidates for rearrangement.
The RMILP rearranges stock jumps in 89 cases (or 17.0% of all jump-event matrices).
That is, there are many asynchronously observed jumps. The last column in each panel
of Table 1 shows that all stocks are rearranged at least once and some stocks exhibit
many rearrangements (e.g., 24 for MMM).

In Figure 5, we show that rearrangement flattens the empirical return spreads for the
DIA-Dow 30 stocks around ETF jumps, thus reducing misalignment. The left panel plots
the highly skewed distribution of empirical ranges in 1-minute raw return spreads across
the 159 event windows. For each event, the range is the difference between the highest and
lowest return spreads, as defined in Equation (18), where the spreads themselves (defined
in Equation (6)) are given by the row-sums of the jump-event matrix, as discussed in
Section 2.2.3. The right panel shows how applying the RMILP reduces these ranges in 89
of 159 events, reducing the ranges by about 21% on average (marked by the red dotted
line).

3.2 Jump rearrangements and macroeconomic news

We surmise that sluggish reactions to macroeconomic news are key drivers of mistimed
jumps. To investigate this hypothesis, we match ETF jumps with a comprehensive
database that covers over one hundred distinct types of U.S. macroeconomic and pol-
icy announcements. These events include monetary policy decisions (e.g., FOMC rate
decisions, Fed bond purchase news, FOMC meeting minutes), the publication of busi-
ness sentiment and manufacturing indicators (e.g., ISM Manufacturing, ISM Prices Paid,
Philadelphia Fed Business Outlook), labor market statistics (e.g., nonfarm payrolls, un-
employment rate, jobless claims), housing market indicators (e.g., building permits, hous-
ing starts, existing and new home sales), and price and inflation measures (e.g., CPI, PPI,
PCE, Core PCE).
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Table 1: Jumps in the DIA ETF and jumps and rearrangements in its constituents

(2007-2020)

Period  #Days #J #J-D %-J-D #RA

DIA | 2007-2020 3,264 \ 638 419 12.8

Stocks:

AA | 20072013 1720 | 174 127 7.38 1
AAPL | 20152020 1297 | 268 154 11.87 8
AIG | 2007-2008 493 | 102 59  11.97 4
AXP | 2007-2020 3264 | 471 288 8.82 2
BA | 20072020 3264 | 631 376 11.52 5
BAC | 20082014 1721 | 160 115 6.68 1
C | 2007-2009 733 | 105 70 9.55 2
CAT | 2007-2020 3264 | 386 275 8.43 2
CSCO | 20092020 2771 | 288 211 7.61 3
CVX | 2008-2020 3018 | 258 214 7.09 4
DD | 2007-2020 2835 | 376 274 9.66 7
DIS | 2007-2020 3264 | 348 247 7.57 5
DOW | 2019-2020 247 | 82 52  21.05 3
DWDP | 2017-2019 429 64 51 11.89 1
GE | 20072018 2955 | 308 237 8.02 8
GM | 2007-2009 595 | 271 144 24.2 2
GS | 2013-2020 1789 | 302 194  10.84 8
HD | 2007-2020 3264 | 355 236 7.23 3
HON | 2007-2008 493 | 74 61 12.37 2
HPQ | 2007-2013 1720 | 211 125 7.27 5
IBM | 2007-2020 3264 | 456 325 9.96 3
INTC | 2007-2020 3264 | 424 265 8.12 8
JNJ | 20072020 3264 | 522 366 11.21 6
JPM | 2007-2020 3264 | 367 243 7.44 4
KFT | 20082012 1172 | 151 129 11.01 1
KO | 2007-2020 3264 | 343 261 8.00 5
MCD | 2007-2020 3264 | 449 316 9.68 4
MMM | 2007-2020 3264 | 549 379 11.61 4
MO | 20072008 493 | 149 85  17.24 1
MRK | 2007-2020 3264 | 423 286 8.76 5
MSFT | 20072020 3264 | 395 293 8.98 7
NKE | 2013-2020 1789 | 266 189  10.56 3
PFE | 2007-2020 3264 | 263 203 6.22 6
PG | 20072020 3264 | 387 296 9.07 9
T | 2007-2015 2214 | 297 211 9.53 5
TRV | 2009-2020 2771 | 405 308  11.12 1
UNH | 2012-2020 2034 | 335 228 11.21 2
UTX | 2007-2020 3264 | 442 319 9.77 9
V | 2013-2020 1789 | 305 201 11.24 6
V7 | 2007-2020 3264 | 444 291 8.92 5
WBA | 20182020 554 | 154 80 14.44 1
WMT | 2007-2020 3264 | 428 283 8.67 4
XOM | 2007-2020 3264 | 315 248 7.60 6

Note: The table reports descriptive statistics on ETF and constituent jumps for the Dow
Jones Industrial Average (DIA) and its member stocks over the sample period 2007-2020.
For each stock, we indicate the trading period, the number of trading days (#Days), the
total number of detected jumps (#J), the number of jump days (#J-D), the jump day
proportion (%-J-D), and the number of rearrangements (#RA).
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Figure 5: DIA-Dow 30 return spreads flatten after rearrangement

(a) Histogram of empirical ranges (b) Percentage reduction in empircal ranges
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Note: Panel (a) plots the histogram of empirical ranges in raw return spreads across the 159
candidate events. Panel (b) shows the percentage reduction in these ranges after applying
the rearrangement procedure. Of the 159 events, 89 involve a rearrangement, with an
average reduction of approximately 21% (indicated by the red dotted line).

Of all 638 ETF jumps, 159 occur within [—5, +10]-minutes of a macroeconomic an-
nouncement (about 25% of all jumps).!® But many more jumps are not obviously as-
sociated with any scheduled announcement or known cause, a puzzle that Lahaye et al.
(2011) and Neely et al. (2025) also documented. The share of rearranged jump events
associated with a news announcement is much higher than the analogous share of unre-
arranged jump events: 46% of rearranged jumps occur near announcements, compared
with only 22% of unrearranged jump events.

Rearranged jumps also involve more individual stock (co)jumps on average than un-
rearranged jumps. The difference is larger for jumps associated with news. Conditional
on an announcement, there are 1,474 cojumps for rearranged jumps vs. 1,407 cojumps
for unrearranged jumps, a 4.8% increase. For jumps that are not associated with an an-
nouncement, rearranged jumps are still associated with more cojumps than unrearranged
jumps, but the difference is smaller (2.2%). This indicates that rearranged jumps are
associated with a slightly stronger cross-sectional co-movement following news, suggest-
ing that macroeconomic announcements tend to trigger more widespread jump activity
across stocks.

Figure 6 breaks down how frequently the most important types of news are associated
with ETF jumps. The left panel normalizes types of news associated with jumps by all
jumps, while the right panel normalizes by jumps that occur within a [—5,+10]-minute
window of a macroeconomic announcement. Both panels show that rearranged jumps
are disproportionally linked to Federal Reserve communications. Nearly half of all rear-
ranged jumps matrices (left panel) coincide with FOMC rate decisions or bond purchase

10We examined a window from 5 minutes before a jump time to 10 minutes after. We permit 5 minutes
before news in case there was some minor mistiming of jumps or news. Indeed, allowing for jumps a few
minutes before news appears to have been a sound practice. There were a few jumps in the 2 minutes
before news, but no jumps 4 or 5 minutes before the news, suggesting that mistiming or news leakage
was possible.
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announcements, compared with roughly 15% among unrearranged jump matrices. When
only jumps occurring near announcements are taken into account (right-hand panel), the
difference becomes even more pronounced: more than 80% of rearranged jumps with
news are tied to monetary policy events.!'! These findings support our interpretation
that sluggish market reactions to macroeconomic and policy announcements contributes
substantially to the mistiming we observe.

Figure 6: Association between macroeconomic announcements and ETF jumps
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Note: The figure shows the share of jumps associated with specific types of macroeconomic
announcements. The left panel expresses each category as a percentage of all ETF jumps,
whether or not there is an announcement. The right panel expresses it as a percentage
of jumps that occur within a [—5; +10]-minute window of an announcement (“jumps-with-
news”).

3.3 An empirical illustration for Sep. 18, 2007

The previous subsection confirms the well-established finding that macroeconomic news
is correlated with asset price jumps, including those of ETFs (Andersen et al., 2003;
Lahaye et al., 2011). A notable example is September 18, 2007, when the Federal Reserve
announced a 50-basis-point cut in the federal funds target rate. The financial press widely
described the decision as a bold action.'? In this subsection, we use data from this event
to illustrate how rearrangement can correct for sluggish stock-price reactions to a major
news release.

Figure 7 shows the price paths of the DIA ETF (in gray) and a synthetic Dow 30
index (in black), along with their return spreads (6) on the day of the announcement.
The jump test flags a 0.938% ETF price jump at 2:16 pm, one minute after the release
of the FOMC statement, followed by a smaller, —0.184% jump at 2:20 pm. For most of

Note that percentages in the figure may sum to more than 100 because a single jump can be associated
with multiple news events.

12For more information on this event, we refer to the official Press release and the related FOMC
Meeting Statement. Major financial news outlets covered and analyzed this decision: see e.g., ‘Bold Fed
goes for half-point cut’ and ‘Bank acts boldly to avert recession risk’.
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the day, the ETF and synthetic log prices move closely together, but they diverge at the
announcement. As previously noted, if news reached the entire market instantly, was in-
terpreted homogeneously, and trading were continuous, jumps in a group of stocks should
occur simultaneously with the ETF index jump, so spreads should be small and random.
Instead, the bottom panel shows that the ETF-synthetic index spread temporarily ex-
pands at or immediately after the announcement and then contracts again as constituent
prices adjust. That is, markets took a few minutes to incorporate the Fed’s news into
the stock prices of the Dow 30.

Figure 7: When the FOMC statement is released on Sep. 18, 2007, the synthetic index—
ETF spread expands and contracts again
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Note: The figure plots the one-minute log prices of the DIA ETF (in gray) and a synthetically
constructed Dow 30 index (in black), together with their log return spreads d;5 in %. The
vertical dashed line marks the release of the FOMC Statement at 2:15 pm. The ETF price
jumps shortly after the announcement: A 0.938% jump at 2:16 pm and a —0.184% jump at
2:20 pm are both indicated with red circles and ticks.

The left panel of Figure 8 provides a clearer view of how individual Dow 30 stock
prices adjusted to the Fed’s announcement in the event window. The figure shows 55
individual stock jumps across the 30 constituents, of which 28 occur simultaneously with
the ETF jump, while 27 occur with a lag and are therefore candidates for rearrangement.
The right panel shows that jumps are more aligned after (an optimal) rearrangement,
illustrating how the procedure corrects for sluggish jumps in the raw data.?

13Some of the initial jumps (both for the stocks and the ETF) are soon partially reversed by much
smaller jumps of the opposite sign a few minutes later. Such a pattern could be related to one of the ex-
planations for negative autocorrelation and/or overshooting in asset returns. Among these explanations,
we view order flow dynamics as providing the most plausible explanation for our overshooting jumps.
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Figure 8: Stock jumps on Sep. 18, 2007 before and after rearrangement

(a) Jumps before rearrangement (b) Jumps after rearrangement
DIA +0.94 -0.18 DIA +0.94 -0.18
AA +0.02 AA +0.02
AlG +0.05 AIG +0.05
AXP +0.03+0.02+0.03-0.02 AXP +0.03 +0.03
BA +0.04-0.02 BA +0.01
c +0.05 c +0.05
CAT +0.03+0.02 CAT +0.05
DD +0.03 DD +0.03
DIS +0.02+0.01 DIS +0.03
GE +0.02+0.01 GE +0.03
GM +0.03 -0.01 GM +0.03 -0.01
HD +0.04 HD +0.04
HON +0.05 -0.02 HON +0.03
HPQ +0.03+0.02 +0.01 HPQ 4005 +0.01
1BM +0.06+0.03 -0.02 IBM +0.06
INTC +0.02 INTC +0.02
INJ +0.02 +0.00 INJ +0.02 +0.00
JPM +0.05 JPM +0.05
KO +0.04 -0.01-0.01 KO +0.01
MCD MCD
MMM +0.05+0.02 MMM +0.07
MO +0.04+0.01 MO +0.04+0.01
MRK +0.03 +0.02 MRK 4003 +0.02
MSFT +0.02 MSFT +0.02
PFE +0.01 -0.01 PFE +0.00
PG +0.02+0.02 PG +0.04
T +0.0240.02  =0.02 T +0.01
uTx +0.04+0.02-0.02 uTx +0.05-0.02
vz +0.02 vz +0.02
wmT +0.02 WMT +0.02
XOM +0.04  +0.01 XOM +004  +0.01

14:11 14:13 14:15 14:17 14:19 14:21 14:23 14:25 14:11 14:13 14:15 14:17 14:19 14:21 14:23 14:25

Note: Each panel shows the jumps detected in the DIA and Dow 30 constituents around the
FOMC Statement of Sep. 18, 2007 at 2:15 pm. Panel (a) shows the jumps in raw returns.
Panel (b) shows the same jumps after applying the rearrangement procedure. Positive jumps
are shown in green, and negative jumps in red.

For the Sep. 18, 2007 announcement, the jump-event matrix covers an interval from
2:11 pm to 2:25 pm. The jump-event matrix contains h = 15 rows, one for each minute
in the window, and ¢ = 56 columns, where there are 55 jumps in individual stock prices.
This produces multiple, very large, constraint matrices. The co-permutation matrix in
(20), which contains the main decision variables, is of dimension h x (hq), i.e., 12,600
elements. Despite this dimensionality, the algorithm is computationally tractable. A
standard personal computer can optimally rearrange the jumps for this event in approx-
imately 22 seconds with the Gurobi Optimizer.

One can look at the improvement in misalignment as a function of the constraint on
the size of backward moves. By construction, misalignment cannot increase when one
loosens the constraint, i.e., allows larger backward moves. Figure 9 shows the range of
the return spreads (left scale, gray) and the number of matched stocks (right scale, black)
as a function of the permitted length each individual jump may be moved, as in Equation
(30). Permitting each jump to move four minutes backward minimizes the range (orange
line); the range drops from 0.427% to 0.186%. Permitting a maximum backward move of
7 periods or 7 minutes (green line) produces the same minimal range for a larger number
of matching stocks.!* For this event, this rearrangement moves 24 out of 27 scattered

That is, news shock pushes traders in the same direction, widening spreads, lowering depth and soon
pushing prices too far. To balance their inventories by attracting offsetting trades, dealers mark prices
aggressively in the other direction. We readily admit, however, that models of rational inattention or
behavioral biases might lead investors to overreact to initial price movements, an overreaction that is
soon reversed.

Note that the range does not continue to decrease after the maximum length of backward moves
exceeds 4, but the number of matching stock jumps continues to increase until it reaches a maximum for
a permitted length of backward move of 7. That is, the solutions at lengths of 4 and 7 produce equivalent
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jumps around in the window and matches 21 out of 27 scattered stock jumps with the
ETF jump, approximately recovering the common jump in the stocks, as can be seen in
the right panel of Figure 8.

Figure 9: Trace plot of return spread and matched stocks (Sep. 18, 2007)
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Note: This figure plots the range of the return spreads (left scale, gray) and the number
of matching stocks (right scale, black) as a function of the number of the permitted length
of the move during the Sep. 18, 2007 FOMC statement. We permit backward moves of
length 0 to 14 minutes and solve the RMILP for each of these constraints. An orange line
marks the rearrangement with minimal range and a green line marks the rearrangement
with minimal range and the maximum number of matching stock jumps.

3.4 Jump rearrangement and dependence among stocks

Recovering common jumps should decrease return misalignment and improve estimates of
the daily realized covariance matrix. Following Barndorff-Nielsen and Shephard (2004),
the realized covariance matrix is defined as the cross-product of high-frequency stock
returns:

|T/An]
C= Y (@), (31

=1

where returns are calculated from log price increments A}Y = Yja, — Yi—1)a,, and
Yin, = Yia,,---,Ypn,)" denotes the p-dimensional vector of stock prices sampled on
a regular time grid {iA, : 0 < i < |T/A,]}. As is standard, we set the time span to
T =1, and compute 30 x 30 realized covariances over each trading day, for a sequence of
N days. The realized covariance estimator with rearranged returns should better reflect
co-movements in the latent, efficient prices than the standard realized covariance matrix
(31) with unrearranged returns.

Researchers have proposed several alternative estimators to address related biases in
high-frequency covariance estimation. For example, the multivariate realized kernel in
Barndorff-Nielsen et al. (2011) and the Cholesky factorization in Boudt et al. (2017),
protect against market microstructure noise and address the Epps (1979) effect, that
is, the tendency of return correlations in related assets to decline as data frequency
increases. In this paper, we show that using rearranged returns in (31) also corrects the
underestimation of jump dependence.

ranges, but we choose the solution with more matches.
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We now illustrate the effect of the rearrangement on realized jump return covari-
ances, which are one component of total realized return covariances. The realized jump
covariance is the cross-product of jump returns:

[T/An]
CJ= > (Ap)AM)T, (32)

=1

where A?J is a p-dimensional vector of jump returns.

Figure 10 compares pairwise realized jump covariances, i.e., the off-diagonal entries of
C'J, for Sep. 18, 2007, under (i) coarser sampling (left panel) and (ii) rearrangement (right
panel). The left-hand panel of Figure 10 shows a jump-setting analogue to the classic
Epps effect: realized jump covariances at 5 minutes are generally larger than those at 1
minute, resulting in most dots being above the 45 degree line. That is, mistimed jumps
at a high-frequency lead to an underestimation of jump dependence. In particular, jump
covariances calculated from 1-minute returns (x-axis) are often close to zero, but shift
upward when calculated from 5-minute returns (y-axis), as highlighted in red. In other
words, aggregating returns to 5-minute intervals produces larger covariances.

The right-hand panel of Figure 10 shows how rearranging returns affects realized
covariances. If rearrangement did not actually move returns, all the dots would lie on
the 45 degree line in the right-hand panel of Figure 10. The dots in the right-hand
panel, however, lie mostly above the 45 degree line, indicating that rearrangement mostly
increases the estimated jump covariances. In particular, jump covariances that are near
zero in the raw 1-minute data (red dots) become substantially larger after rearrangement,
recovering cross-sectional dependence that would otherwise only be discovered through
temporal aggregation.

Mistimed jumps can degrade estimates of parameters crucial to portfolio decisions,
including attenuating the estimates of jump betas. Li, Todorov, and Tauchen (2017)
propose to estimate jump-betas as the ratio of the realized jump covariation between
stock and the ETF returns to the realized jump variation:

SIS ppying 79

i~ : (33)
St arzey

=)

where YidAn = (Yl‘fAn, e ,Yp‘fAn)T denotes the jump component of the log price process
in (2) for the p stocks, sampled on a regular time grid {iA, : 0 < i < |T/A, ]|} over T
days, and Z dAdenotes the jump component of the ETF price process. Note that a feasible
estimate of f uses estimated jump returns, as in (32).

Mistimed jumps bias the estimated jump betas toward zero by creating discrepancies
between the observed jump process Y¢ and the latent efficient jump process X?. Our
rearrangement procedure mitigates this bias.

Figure 11 illustrates how rearrangement and sampling frequency affect the magnitude
of realized jump betas. We restrict the sample to days of rearrangement of stock returns.
The left panel of Figure 11 compares average daily realized jump betas computed on raw
1-minute jump returns and rearranged 1-minute jump returns. For 38 out of 43 stocks,
rearrangement increases the average realized jump beta, with the cross-sectional median
increasing from 0.67 to 1.01. In one case, a negative beta turns positive, eliminating what
would otherwise appear to be a spurious hedging opportunity.

The most extreme revision occurs for Alcoa, whose realized jump beta rises from 0
to 5. This is driven by a single rearrangement on February 10, 2009, when a jump in
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Figure 10: Rearrangement recovers cross-sectional dependence without temporal aggre-
gation
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Note: The scatterplots compare 30 x 29/2 = 435 off-diagonal entries of the realized jump
covariance matrix of Dow 30 stocks on September 18, 2007. Panel (a) plots realized co-
variances from raw 1-minute jump returns (x-axis) and against those from 5-minute returns
(y-axis). The dotted line corresponds to the 45-degree line. Panel (b) plots the 1-minute
raw realized jump covariances (x-axis) against l-minute jump covariances computed after
applying the rearrangement procedure (y-axis). Entries that shift from zero to positive val-
ues are highlighted in red.

Figure 11: Effect of rearrangement on realized jump beta estimates using 1-minute returns
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Note: Panel (a) shows average realized jump betas over the full sample for each Dow Jones
constituent, using raw versus rearranged l-minute jump returns. Panel (b) shows average
realized jump betas over the full sample at different sampling frequencies.

Alcoa at 11:12 am was shifted backward to coincide with an ETF jump at 11:07 am.'

5For more information on this event, we refer to the official Press release. The full speech of the
U.S. Treasury Secretary and video can be found here. The speech was broadly covered in the FT:
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Three pieces of news drove the ETF and Alcoa jumps that morning. At 11:00 am, the
Federal Reserve announced that it was prepared to substantially expand the Term Asset-
Backed Securities Loan Facility (TALF) and broaden the eligible collateral. Around
the same time, U.S. Treasury Secretary Timothy Geithner unveiled the administration’s
much-anticipated Financial Stability Plan, which disappointed markets with a lack of
detail. Presumably as a result of negative interpretations of these announcements, the
ETF price jumped at 11:07. At 11:08, the S&P announced that it had cut Alcoa’s credit
rating in view of deteriorating business conditions. The combination of these news about
the economy and Alcoa’s credit rating caused Alcoa’s stock price to jump downwards at
11:12. Excluding this observation, the median realized jump beta across all stocks still
rises markedly, from 0.68 to 1.00.

The right panel of Figure 11 plots the average realized jump betas over all stocks for
raw returns by sampling frequency, as well as the average realized jump beta for rear-
ranged returns at the 1-minute frequency. Consistent with the hypothesis that mistimed
jumps attenuate realized jump betas, rearrangement produces substantially higher jump-
beta estimates. Rearranged returns from 1l-minute data produce realized jump betas
comparable to those produced from 30-minute data.

Having shown that rearrangement generally increases realized jump beta estimates,
we now investigate whether these new estimates improve return predictions. Building
on Ding et al. (2024), who document asset jumps predict subsequent performance, we
compare the forecasting accuracy of realized jump betas computed from rearranged versus
raw l-minute returns. Our sample comprises 238 observations across 83 days on which
stock returns were rearranged (see column #RA in Table 1). We estimate the following
pooled predictive regression:

Tit+1 = Y0 + M ﬁea” + 72 ﬁaw + 37 + VaRTSRViy + €41, (34)

where 7,41 denotes the next-day return of stock 7, and iRte“’"’" and ZRﬁw are the realized

jump betas estimated from rearranged and raw returns, respectively. Two firm-level
controls are included: the contemporaneous daily return r;, and the noise- and jump-
robust measure of daily integrated variance RT'SRV;; of Boudt and Zhang (2015).

Table 2 reports ordinary least squares estimates of (34). Model 3 represents the full
specification, while Models 1 and 2 impose 7; = 0 (raw realized jump beta only) and v, =
0 (rearranged jump berealized ta only), respectively. The adjusted R? of Model 3 (11.8%)
indicates meaningful predictability of next-day returns following a rearrangement. Both
~1 and 7, are negative, but only the coefficient on the rearranged beta is statistically
significant at the 5%, suggesting that the relevant information for predicting subsequent
returns is embedded in the rearranged component. Moreover, Model 2 explains more
variation in returns than Model 1 (11.9% vs. 10.3%). 73 is also negative and significant
at conventional significance levels, indicating a sharp market correction in prices following
a rearrangement day.

We evaluate the predictive power of realized jump betas with an out-of-sample fore-
casting exercise. The estimation window spans all rearrangements up to 2009-11-23,
leaving a testing period from 2010-01-05 to 2020-01-08 with 164 observations on 66 re-
arrangement days. We estimate the three models on expanding windows to forecast
next-day returns.

see e.g., Overview: Toxic asset scheme triggers sell-off, US bank bail-out, Wall street falls on Geithner
announcement, Wall street: not impressed. More information on the rating cut of Alcoa can be found
here.

30


https://www.ft.com/content/d639e81e-f7a8-11dd-a284-000077b07658
https://www.ft.com/content/f536a4a8-f782-11dd-81f7-000077b07658
https://www.ft.com/content/1a2106a6-f773-11dd-81f7-000077b07658
https://www.ft.com/content/1a2106a6-f773-11dd-81f7-000077b07658
https://www.ft.com/content/3d08e60a-62af-34ea-8ed2-909f44e73670
https://www.spglobal.com/ratings/en/regulatory/article/-/view/type/HTML/id/701648

Model 2 achieves the lowest out-of-sample, mean-squared forecast error and remains
as the only superior model within the Model Confidence Set (MCS) of Hansen et al.
(2011) at a nominal level of 10%.® This result shows that realized jump betas calculated
on rearranged returns have greater predictive power for daily returns than jump betas
calculated on raw returns.

We then use predicted returns from each model to form simple trading rules. The
long-only strategy takes a position when the forecasted return is positive, whereas the
long—short strategy goes long (short) when the forecasted return is positive (negative),
with a one-day holding period. The second panel shows the model based on rearranged re-
alized jump betas (Model 2) substantially outperforms its raw-return counterpart (Model
1). The former yields cumulative returns of 42.7% and 53.0% for the long-only and
long—short strategies, respectively, compared with 26.3% and 20.2% for Model 1. The
corresponding Sharpe ratios are 0.214 vs. 0.079, and the difference is statistically signif-
icant at the 5% level according to the test of Ledoit and Wolf (2008) implemented using
a studentized circular bootstrap with 499 resamples and two-sided p-values computed as
in Barras et al. (2010, Appendix A.3).

These results demonstrate that rearranging high-frequency returns before estimating
realized jump betas not only improves statistical forecast accuracy, but also translates
into economically meaningful gains in portfolio performance. Correcting for jump-timing
misalignment across assets uncovers systematic co-movement that enhances both our
measurement of market jumps and our understanding of how information diffuses through
asset, prices.

4 Concluding remarks

During news events, stock price jumps often occur at close but distinct points in time on a
fine sampling grid. Such asynchronous jumps bias covariance estimates and degrade port-
folio strategies. To optimally rearrange asynchronous jumps in time and better recover
the common jump, we introduce tractable, new tools that are based on the combinatorial
methods of Puccetti and Riischendorf (2012) and Embrechts et al. (2013). We care-
fully detail these novel procedures, provide toy examples to assist intuition and discuss a
real-world example of delayed jumps.

We use Dow 30 prices to link delayed jumps to scheduled macroeconomic announce-
ments. Rearranged jumps are particularly likely to follow Federal Reserve communica-
tions, which seem to be the most important source of jumps. Using returns of varying
frequencies, we illustrate how jump rearrangement with 1-minute returns improves real-
ized jump beta estimates in a manner similar to time aggregation but without the loss
of precision. Realized jump betas from rearranged returns outperform jump betas from
raw data in out-of-sample return forecasting exercises. Trading rules constructed from
rearranged returns also outperform the same rules using raw returns.

Recovering the common jump on a fine sampling grid is also likely to improve other as-
set allocation and risk management decisions, such as estimating the distribution of jump
sizes (see e.g., Boudt et al., 2011a), estimating jump dependence (see e.g., Li, Todorov,

16The MCS procedure of Hansen et al. (2011) identifies the subset of models that are statistically
indistinguishable in terms of predictive ability at a given confidence level. We use the maximum statistic,
and compute p-values via an i.i.d. bootstrap with 10,000 resamples. Models are iteratively eliminated
until the null hypothesis of equal predictive ability cannot be rejected.
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Table 2: In-sample regression results and out-of-sample statistical /financial performance

Model 1 Model 2 Model 3
In-sample 2007-02-27 to 2020-01-08
Yo — Constant 0.004 0.006 0.006
(2.46) (3.23) (3.29)
v — ﬁem’” - -0.004 -0.003
(-3.05)  (-2.19)
Yo —> ﬁ“w -0.003 - -0.001
(-2.21) (-0.72)
V3 = Tig -0.551 -0.530 -0.538
(-5.00)  (-4.88)  (-4.92)
v4 — RTSRV;, -2.321 -2.472 -2.390
(-1.12)  (-1.21)  (-1.16)
Adjusted R? 0.103 0.119 0.118
Out-of-sample 2010-01-05 to 2020-01-08
Statistical performance
MSFE x 10° 0.321 0.263 0.345
MCS [p-value] 0.099 1.000 0.099
Financial performance
Long-only
Cumulative return 0.280 0.426 0.333
Standard deviation 0.013 0.014 0.013
Sharpe ratio 0.134 0.191 0.159
Sharpe ratio test [p-value] [0.020]
Long-short
Cumulative return 0.194 0.485 0.300
Standard deviation 0.015 0.015 0.015
Sharpe ratio 0.078 0.200 0.122
Sharpe ratio test [p-value] [0.032]

Note: The first panel reports the estimation results of the model ;111 = v + 71 Afjf“’"’" +

ygﬁﬁaw +737it +YaRT SRV 1 +€; 441 over the full sample. v (resp. 72) is restricted to zero
in Model 1 (resp. Model 2). t-statistics are in parentheses. The second panel reports the
results of an out-of-sample forecasting exercise. The first block summarizes the statistical
performance of each model. The row ‘M SFE x 10% reports the mean squared forecast error
(multiplied by 10%) and ‘MCS [p-value]’ reports the p-value of the Model Confidence Set of
Hansen et al. (2011). The second block reports financial performance. Under ‘long-only’,
the strategy takes a long position when the predicted return is positive. Under ‘long—short
', it goes long (short) when the predicted return is positive (negative). The holding period is
one day. Cumulative return, standard deviation, and Sharpe ratio summarize each model’s
trading results. The row ‘Sharpe ratio test [p-value]’ reports the two-sided p-value from the
test of Ledoit and Wolf (2008) for equality of Sharpe ratios between Models 1 and 2.

Tauchen, and Chen, 2017; Li, Todorov, and Tauchen, 2017; Li, Todorov, Tauchen, and
Lin, 2019), or forecasting realized measures (see e.g., Andersen et al., 2007; Bollerslev
et al., 2022). A more thorough analysis must, however, await future work.
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While our narrative has emphasized sluggish impoundment of systemic news — whereby
the ETF reacts promptly and individual constituents follow with delays — an inverse mech-
anism is also possible. Idiosyncratic news may trigger a jump in a large-weight stock that
immediately moves the index. For price-weighted indices such as the DJIA, this channel
can be important. Our framework accommodates such cases by treating them as spe-
cial episodes in which no rearrangement is required, but a natural extension would be
to relax the backward-only restriction and allow for the possibility that highly liquid,
large-weight constituents occasionally lead the ETF. Such “leading stocks” are rare, but
modeling them directly could be valuable for applications to broader indices, such as the
S&P 500.
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