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1 Introduction

Instant and precise reflection of new information to prices in a friction-free market has been one
of the asset pricing mantras for decades. Also linked to this frictionless markets parlance, there
should be no predictability in returns following shocks, be they news-induced or not (Frank and
Sanati (2018)). Nevertheless, this assertive textbook approach is not a proper description of market
practice as the prices do not completely embody the information available to participants at a
given time. The literature extensively documents drifting as well as reversing return patterns in the
wake of information arrival. In one strand of the literature, these predictable patterns are linked to
flaws in investors’ cognitive judgments and to market inefficiency while other lines of research tie
this return behavior to varying levels of expected returns as a rational reaction to fluctuating risk
levels (see Lehmann (1990), Fama (1991), Chopra et al. (1992) and McLean and Pontiff (2016)
among many others). Beyond these discussions however, a panoramic picture of overreaction and
underreaction studies exhibits that the literature is still indecisive about the dominant return patterns
in the post-shock period as highlighted in Frank and Sanati (2018) and Tetlock (2014).

We revisit short-term return predictability discussions by concentrating on price discontinuities
observed in the overnight section. Our contribution to the discourse centers on short-term return
predictability through the lens of a specific context -positive and negative overnight price jumps-
in which the predictive power of the factor is not marred with the confounding effects of noise
trading', liquidity imbalances, microstructure design, intraday learning from others and other
daytime forces that might be relevant to the price discovery. Since trading is halted during the
night, overnight jumps provide an instrumental setting to isolate immediate investor reactions
to information shocks before daytime frictions revive with the commencement of trading. All
stocks combined, we find investor overreaction to overnight information shocks and document that
cumulative overnight negative and positive jump returns (CJR™*) are negatively associated with
the short-term cumulative future returns.> We report that negative and positive overnight jumps
are followed by statistically and economically significant return reversals, concentrated to a large

extent in the subsequent daytime trading session. This association varies across different quintile

1”Noise trading is trading on noise as if it were information” as shortly defined by Black (1986)

ZBunch of literature studies investor overreaction and its reciprocal interaction with expected returns. Among
others, see for instance De Bondt and Thaler (1985) and Chopra et al. (1992) for long-term return predictability
discussions and Avramov et al. (2006), Lo and MacKinlay (1990), Lehmann (1990), Poterba and Summers (1988) and
Barr Rosenberg and Lanstein (1998) for return predictability in the short-term.
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portfolios formed according to jump-day-isolated idiosyncratic volatility (/VOL_OJ]I) figures (a
new stock-specific risk measure excluding overnight jump-day effects).

The finance literature has extensively considered extreme price changes over the past decades
and implications for price discontinuities have been widely studied for single assets, portfolios,
and derivative instruments.> Using the methodology of Lee and Mykland (2008), we first detect
overnight price jumps in stocks listed on NYSE, AMEX, and NASDAQ over the entire July 1993
- December 2021 period or in-between. Like Jiang and Zhu (2017), we use jumps as a proxy for
information shocks that trigger investor overreaction and lead to breaks in the price path. After
specifying the dates with price discontinuities, we keep subsequent returns under the magnifying
glass to assess the repercussions of investor decisions. To gain deeper insight, we additionally form
quintile portfolios based on different idiosyncratic risk levels and document varying overreaction
dynamics and return predictability in certain quintiles. A contrarian trading strategy based on
monthly jump figures further evinces that these overreactions and return reversals are short-term
market episodes.

Our findings imply that price discovery requires not only the information but also an active
trading environment facilitating a corrective impact through the incorporation of liquidity, mi-
crostructure effects, and learning from others. In the absence of trading after market closure,
overnight return components may only channel information effects. Hence, cumulative overnight
jump returns predicting subsequent daytime returns with negative loadings suggest that continuous
trading plays an essential role in accomplishing price discovery and reveals market frictions in
information processing. On the whole, our contribution to extant literature will be twofold.

First, our study concentrates on an unexplored question and connects overnight price jumps
and their reversals with short-term overreaction discussions in stock markets. As opposed to Jiang
and Zhu (2017) which identify daily jumps and decompose these close-to-close returns into their
overnight and intraday components, we detect overnight jumps in its own time series and mark the
days with overnight return surprises. Jiang and Zhu (2017) provide evidence of underreaction to

information shocks which end up as daily jumps whereas we analyze extreme price movements

3Price jumps have been studied in a myriad of ways: amendments in asset pricing (Merton (1976); Beckers
(1981); Ball and Torous (1983); Ball and Torous (1985); Camara (2009)), return predictability (Bali and Hovakimian
(2009); Jiang and Yao (2013); Jiang and Zhu (2017)), information flow (Barclay and Litzenberger (1988); Kim and
Mei (2001); Andersen et al. (2007); Bollerslev et al. (2008); Baker et al. (2021); Jeon et al. (2022b)), liquidity shocks
(Jiang et al. (2011); Christensen et al. (2014)) and overreaction/underreaction (Kaul and Nimalendran (1990); Jiang
and Zhu (2017)) are a few of the concepts analyzed in connection with jumps in stock prices.



that become ephemeral to a certain extent after the market correction. Our filtering methodology
provides us with special information when there is no daily jump. We additionally run our
detection test for close-to-close returns to see jumps in daily price movements and their alignment
with overnight jumps. Strikingly, only 11.6% percent of overnight jump days have also jumps in
daily returns. That said, this argument does not imply any straightforward return level comparison
since jumps are relative magnitudes in the local neighborhood of return time series. For instance,
2% overnight return may be marked as a jump whereas 2% close-to-close return may not be. In
short, this study extends our understanding of price behaviors directly after overnight shocks.
Second, we document the results of contrarian and relative strength trading strategies to see
if the winners (stocks with cumulative positive jump returns in the previous month) will be the
losers within the one-month investment horizon or vice versa. However, shorting the stocks in the
highest decile and buying the stocks with the most negative jump figures ended up in a statistically
significant 0.6% loss. In the same fashion, short and long trading strategies respectively in the
highest and lowest decile portfolios do not result in any risk-adjusted gain. These pricing behaviors
imply that overreaction and return reversal after overnight jumps are short-term market phenomena.
The rest of the paper is organized as follows. Section 2 presents the related literature, contrasts
our study with the previous research. In Section 3, we provide the details of data and filtering
mechanisms together with the applied methodology for jump identification and data construction.
Section 4 is reserved for empirical findings. Implications for market participants and theoretical

foundations are detailed in Section 5. Section 6 concludes.

2 Relevant Literature

Broadly, our study stands at the intersection of jump, overreaction, and return predictability liter-
ature. Among others, the noteworthiness of jump returns is highlighted by Kapadia and Zekhnini
(2019) who document that the yearly return of a stock is cumulatively made of the price jumps
in 4 days over a year, and by Jiang and Yao (2013) who analyze intermittent jumps triggered by
information shocks over a large horizon and document that return predictability associated with
firm characteristics owes too much to price jumps such that size, value, and liquidity measures
lose their predictive power once the extreme price movements are controlled. Or lowski et al.

(2024) show that the premium for market skewness risk can originate from jump and leverage effect



components and document that skewness premia is higher in the overnight section. Using call-put
implied volatility spread (CVol-PVol) as a proxy for jump risk and isolating it from volatility risk,
Bali and Hovakimian (2009) find positive association between CVol-PVol and future stock returns
in the cross-section. As a priced factor, Pan (2002) documents significant jump-risk premium in
S&P500 index options over the period February 1996 - January 2005.

Literature on the overnight jump returns and investor overreaction is relatively intact and the
closest study to ours is Jiang and Zhu (2017) in which authors rather study underreaction to
information shocks. Used as a proxy for information shocks, jumps in Jiang and Zhu (2017) are
analyzed in the context of short-term underreaction in US equity markets in which the analysis rests
on daily jump detection and decomposition of it into overnight and intraday sections. Firm-specific
news is generally disclosed after the closing bell and priced in largely by individual investors as
trading commences in the next morning (Lou et al. (2019)). Moreover, the main driving force of
overnight returns is the information available to market participants as highlighted in Jones et al.
(1994); Barclay and Hendershott (2003); Barardehi et al. (2022) among others. In a similar fashion,
Jiang et al. (2012) and Michaely et al. (2014) report that over 95% of the earnings announcements
in the US are made outside the trading hours after markets close. Information flow can be firm-
level (idiosyncratic) or market-level. Boudoukh et al. (2019) document that idiosyncratic variance
triggered by firm-level public news accounts for 49.6% of the total overnight variance whereas
this explains only 12.4% of the trading hour (intraday) variance for S&P 500 firms. There are
specific studies where the direct focus is to analyze jumps and associated news flows (e.g. Jeon
et al. (2022a) and Baker et al. (2021)) and the types of information (e.g. idiosyncratic vs market
information) resulting in price jumps whereas doing so would divert the focus of our research and
end in a completely different study. Hence, identifying the jumps with the methodology due to Lee
and Mykland (2008), adhering to the guidance of the above-mentioned literature and focusing on
the implications on return dynamics have been kept as our focus.

The impact of overnight periods on stock price behaviors has also attracted interest over decades.
Among early works, Amihud and Mendelson (1987) show that open-to-open returns in Dow Jones
Industrial stocks have higher variance, higher serial dependence, greater peakedness and thicker
tails compared to close-to-close returns. This was first attributed to different trading mechanisms in
the opening (periodic call market) and closing hours (continuous auction). In their follow-up study,

however, Amihud and Mendelson (1991) analyze 50 stocks in Tokyo Stock Exchange in which the



Exchange employs two separate periodic call markets both in the morning and afternoon sessions.
Authors this time show that higher volatility and negative autocorrelation in open-to-open returns
are due to the prior nontrading section over the night and document that price reversals are stronger
in the morning session compared to the afternoon period. With a similar interest in the dynamics of
intraday and overnight return components, Gerety and Mulherin (1992) show that enhanced trading
activity at the opening and closing hours of a typical trading day is positively related to the expected
overnight return volatility. Investors abstain from carrying their positions over the night to decrease
their risk exposure and that leads to a surge in trading volumes at both ends of the day. Opening
volume is also positively correlated with the unexpected volatility component which accounts for
the surprise in overnight information flow. Many other similar studies to date have improved our

knowledge of ex-post and ex-ante returns for overnight and intraday return components.

3 Data and Methodology
3.1 Data

Since price jumps are low-probability episodes in nature, it is important to keep the database as
large as possible.* We aim to tackle this rare-event challenge with a large sample of 9,283 stocks
listed on NYSE, AMEX, and NASDAQ during the whole July 1993-December 2021 period or
in-between. Our daily raw data start as of June 15, 1992, on which the opening prices are first
available in the CRSP database and our analyses start as of July 1993 when we first get our returns
for the momentum variables along with the full-month jump incidences.

Our data sample consists of the entire CRSP database with some further filters. The study
i1s conducted with common shares that are listed on the main US exchanges (NYSE, AMEX,
NASDAQ). We make use of PERMCO and PERMNO as they are the primary CRSP identifiers
to track companies and securities over the trading history respectively. In our main analysis, we
use PERMCO identifiers that are associated only with one PERMNO over the entire stock records.
In the next step, we make sure that there are no trading breaks during the life of the company
to abstain from artificial jump identification. Missing opening prices are filled with the previous

day’s closing prices to ensure the jump detection is not halted. If the closing price is missing,

“For the significance of sample size in rare event studies, see Jiang and Yao (2013) on jumps and cross-sectional
return predictability, Kelly and Jiang (2014) on extreme events and associated tail risk in stock returns and Boyer and
Vorkink (2014) on skewness and investors’ preferences towards lottery-like assets.



CRSP sets the bid-ask average as the closing price on that day. We retain these closing prices in
the main analysis as they still reflect some sort of investor judgment about the market price. In
our robustness check®, however, we exclude jumps if the closing price is calculated through the
bid-ask average. We keep stocks with at least three years of trading history and repeat our analyses
with trading records longer than two years for robustness check. We do not shorten the data length
further to ensure that momentum returns are calculated at least for a cycle of one complete year.
As the last data-sifting layer, we filter out observations with missing COMPUSTAT values. After
these refinements, we cover 9283 stocks from US markets. Sieved CRSP data are then merged
with pertinent firm characteristics data from COMPUSTAT. We follow Fama and French (2008)

and Jiang and Zhu (2017) to construct our variables and explain them below in turn.

Size (S): At the end of every June, we calculate market capitalization through the CRSP dataset.

It is the natural logarithm of the last closing price times outstanding shares.

Book-to-Market Ratio (BM): Book value of the equity is received from the fiscal year ending
figures in the previous calendar year while the market value of the equity is calculated at the end of
the last trading day in the preceding calendar year. The former is computed from COMPUSTAT by
adding deferred taxes and investment tax credits to shareholders’ equity and subtracting the preferred
stock adjustments. Depending on availability, preferred stock rectification can be drained -with an
order of precedence- through PSTKL or PSTKRYV, or PSTK variable codes in COMPUSTAT. For
shareholders’ equity; SEQ or CEQ+PSTK or AT-LT variable codes can be used in order. TXDITC
is the COMPUSTAT variable name for deferred taxes and investment tax credits. Market value of

the equity is computed with CRSP data.

Idiosyncratic Volatility (IVOL)®: We first run the Fama-French three-factor model with daily
data frequency and save the regression residuals’. Monthly IVOL variables are created by cal-
culating the standard deviations of these residuals over each separate period. Our predictability

analyses require jump-isolated IVOL numbers as these discontinuous extreme returns already in-

3See the Internet Appendix for all combinations of robustness check results.

®In their seminal paper; Ang et al. (2006) report that stocks with high idiosyncratic volatility oddly have lower
subsequent returns and this empirical finding has been named as “idiosyncratic volatility puzzle”. See Hou and Loh
(2016) for a comprehensive recent discussion of present explanations in the literature and the extent to which this
puzzle had been solved.

"The regressor factors are taken from Kenneth French’s website.



flate IVOL and should be stripped from the classic figures before using them as regressors.® To
do that, we create overnight-jump-days-isolated IVOL (IVOL-OJI) and use it in our main analysis
9. As robustness checks, we also isolate all forms of discontinuities, either daily or overnight, and
repeat our analyses with IVOL-DIJI (daily-jump-days-isolated IVOL) and IVOL-ODII (overnight-

and-daily-jump-days-isolated IVOL) variables. Implications are not materially altered.

Iliquidity (AI): We use Amihud Illiquidity due to Amihud (2002) and it is the absolute daily
return divided by daily trading volume in dollars. To calculate dollar trading volumes, we use the
mid-point of the daily high-low range as the proxy multiplier. We control for illiquidity since it
has been documented that expected excess stock returns embed some level of illiquidity premium.
Following Jiang and Zhu (2017), we modify NASDAQ volume figures by multiplying them by
0.7.'9 This is to make trading volumes comparable across the stock exchanges since NYSE and
AMEX are mostly centralized auction markets where customer orders directly interact with each
other although NASDAQ is less-centralized with fragmented dealer market formation and volume
counting procedure compelled by Securities and Exchange Commission (SEC) inflates the figures

in this Exchange.

Momentum (MOM): It is the buy-and-hold return over an 11-month horizon backwards with the
preceding month skipped. Following Grinblatt and Moskowitz (2004) and Jiang and Zhu (2017),

we split it into two in the following manner during our analysis: ( — 1,7 —=5), (t — 6, — 11).

Leverage (LEV): Leverage variable is constructed by taking the natural logarithm of the ratio
of total assets’ book value on the fiscal year ending month in the preceding calendar year to market

equity figures at the end of December in again the previous calendar year.

Previous Day Return (PREV): This variable is constructed to control for the information flow

in the day preceding the overnight jumps. It is the monthly-cumulated daily returns prior to jumps.

8Without this isolation, the correlation between CJR; and IVOL moves from -0.50 to -0.67 and the correlation
between CJR; and IVOL soars from 0.45 to 0.71.
9We isolate the whole overnight jump day instead of the overnight component as the follow-up return patterns are
linked to the overnight movements.
10This adjustment factor is originally based on an SEC report on “order executions across equity market structures”.
See footnote 16 in the following link to that report https://www.sec.gov/pdf/ordrxmkt.pdf


https://www.sec.gov/pdf/ordrxmkt.pdf

3.2 Methodology
3.2.1 Jump Identification

We model stock prices with a semi-martingale process embodying both diffusive continuous move-
ments and jump components. Let X; stand for the price process of a stock in a probability space
with available information set 7 to all parties. For a unit period of [0,T] (T > 0), it is a convention
to specify Ito semi-martingale process with price discontinuities as in the following jump-diffusion

model:
X, = X0+/ Ltydy +/ oy dB +ZJ . Vre[0,T] (1)

where the first three terms (Xo + /0 Usds + /0 odBy) constitute continuous stochastic price path
with initial price (Xp), drift term (u), diffusive variance (o) and standard Brownian motion (B).
The last summation term injects the random price jumps into the model with counting process N;
and jump sizes J = Jy for k = 1,2, ..., N;..

With equally spaced observations at times 7 < f1... < t,—] < t, over the period [0, T], one can
calculate M distinct returns. Let r,, =Yy, —Y;, be the return for an interval in which ¢ determines
the length of return intervals Vm € [1, M] and V¢ € [0, T]. Asymptotically, as & gets narrower,
realized variance converges to quadratic variation. Furthermore, integrated volatility is detached
from total quadratic variation via the realized bi-power variation due to Barndorff-Nielsen and
Shephard (2004). It is also customary to link bi-power variation to realized variance to disentangle

the jump variation. Specifically,

M
_ 2 . _ _ 2 2
RVy = E_ [rm;|”~ and ;1_)1% RV =QV = / 2ds + E AY; )
i=1 i=0<s<t
M
T M . )
=31 ”m, |rml | and ;1_r>r(1) BV = IntV = /0 oy ds (3)

i=2
where AY stands for instant log-price changes due to jumps and RV, QV, BV and IntV are

respectively the realized variance, quadratic variation, bi-power variation, and integrated volatility.

The terms EML in bi-power variation act as a standardization factor (see Barndorff-Nielsen and

Shephard (2003) for further discussion and Huang and Tauchen (2005) for extensions). Herewith,

the jump variation component and its relative contribution to quadratic variation are straightforward

in the following forms:



N’
JV =RV —-BV and ;i—r’l(l)JV:kZ_j;Ji 4)
in which JV is the variation due to jumps.

We use a non-parametric method that simply isolates integrated volatility from total quadratic
variation in return series thereby determining the contribution of jumps to total variation. Among
many others, Barndorft-Nielsen and Shephard (2006), Jiang and Oomen (2008), Lee and Mykland
(2008) document non-parametric tests for jump identification. At first glance, quantifying jump-
variation as in Barndorff-Nielsen and Sheppard (BNS) approach already seems sufficient for jump
detection. However, Lee and Mykland (2008) document flaws in detection rates for BNS test during
low and high variance periods. This is also valid for the Jiang and Oomen (JO) test which rests on
a variance swap replicating strategy instead of bi-power variation. Also, Dumitru and Urga (2012)
compare alternative non-parametric jump tests and authors report the techniques that are offered
by Andersen et al. (2007) and Lee and Mykland (2008) to be the best-performing ones.

Let £; be the test statistic for jump identification in Lee and Mykland (2008). In essence, it
dissipates the concern for classifying a large return as a jump when it is essentially due to higher
volatility during the period in question (and vice versa). Hence, £; is formed as a standardized
return metric in which the standardization is achieved by dividing each return with the square root
of the accompanying integrated volatility.

, 1 i~1

-Li = ———— with Il’ltVLM = T  ~ |rmj| |rmJ'—]| (5)

VIntV iy 2M_2j:i—M+l

where IntV ) stands for integrated volatility in Lee and Mykland (2008). Authors show that

Yn:

when there is no jump, the asymptotic distribution of £; is a standard normal whereas the presence
of jumps leads to elevated test statistics. They offer the below metric to decide whether to reject

the no-jump hypothesis or not. Variation in returns is due to jump if,,

max,e 5, 1Ll - Cy
Sn
where C,, and S, are in the following mathematical notation with n being the number of observations

(6)

and ¢ = 4/2/x. The critical value is 6 = —In[—In(1 — «)] in which « is the significance level. The
window size K at the jump detection time is taken 16 as recommended in Lee and Mykland (2008)

for daily datasets.
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[2In(n)]'/? B ndn + In[ln(n)] d S = 1
c 22nm2 M T i)'

Jump detection algorithm uses the past information within the detection window -the local

Cn = (N

neighborhood going backward- during the identification process and it does not suffer from any
look-ahead bias. It works through a rolling window setup by moving the window one step forward
once a new observation is brought in. It is this new observation that is checked for the presence of
jump. In other words, a price movement is flagged as a jump by looking at its size and the preceding
price movements within the window, the length of which is determined by the data frequency and
we set the window size K as 16 for daily data as recommended by Lee and Mykland (2008). The
“local neighborhood” just corresponds to the window we are using. Hence, the very essence of

jump detection is the past information within that window.

3.2.2 Data Construction

After we detect the jumps separately for overnight, intraday, and daily periods, we create different
return time series for each interval. Intraday returns are simply calculated with closing and opening
prices in the CRSP database. Since CRSP daily return series are adjusted for distributions, we
deduce overnight returns from daily and intraday returns instead of adjusting opening prices for
distributions and generating a close-to-open return time series. Specifically;

int
= =" ®)

COR = exp(Z riy)—1 and CIR= exp(z rl’:ﬁ —1 and CDR= exp(z ria)—1 (9)
d=1 d=1 d=1

e rl’f'g and r; 4 are respectively the overnight, intraday, and daily log returns of stock i

where r
on day d and COR, CIR and CDR are cumulative overnight returns, cumulative intraday returns
and cumulative daily returns for a given period. To extract and cumulate the discontinuous overnight

return components in a month just like Jiang and Yao (2013) do in yearly return setup for daily

o

N, . . .
returns, we construct CJR = exp(2, ., r?}") — 1 in which N; stands for the counting process

for overnight jumps in that month, 7" corresponds to the overnight jump return at each jump
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incidence and CJR abbreviates monthly cumulative jump return.'!

Within non-jump days, we focus on adjacent returns immediately after these overnight jumps and
construct our dependent variables by cumulating these return numbers associated with each jump.
Figure 1 illustrates a specific month with two randomly arriving overnight jumps and corresponding
follow-up returns. In the diagram, black episodes represent overnight discontinuities and shaded
days are the subsequent returns. For this example, we calculate CJR as formulated above and

CDRyostjump = €x p(ZZZ?’iff rid.x) — 1 for stock i where d stands for the relevant day, k stands for

int
1,1

int

andrllz—rllz

the jump incidence, r; 11 = 1! For each stock, we construct separate monthly

time series for both negative and positive cumulative overnight jumps.

Figure 1: Discontinous Overnight Return Components and Data Construction

Month A Month B Month C
Returns Returns
Following the Following the
Jump Jump

f—l—1 I'—I—l

Overnight Overnight
Jump 1 Jump 2
_‘_‘_‘_‘_'_‘—‘—-—a 4—'—'_'_'_'_'_'_._'_

Discontinuous Overnight Return Components

Notes: This diagram demonstrates a typical month where there are two sporadic overnight jumps.

t + 0 returns are respectively the r”’lt , and r 12 meaning that they are the first intraday returns

following each overnight jump. The remaining ¢t + 1, t + 2, t + 3 and ¢ + 4 are the daily returns
following the overnight jump day.

4 Empirical Findings
4.1 Jumps, Short-term Overreaction, and Return Predictability

In this subsection, we analyze how stock returns evolve after overnight price jumps. Basic descrip-

tive statistics for jumps are reported in Table 1. The exact number of nights is 24,305,513 implying

HJiang and Yao (2013) disentangle continuous and discontinuous return components for each year. They first
calculate cumulative jump returns and subtract it from a total cumulative return to get the continuous return component
within that year.
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that overnight jump days constitute only 1.57% of the total dataframe with 380,787 observations.
In our robustness check where we exclude jumps if the CRSP sets the closing prices to the bid-ask
average of the available best prices, the number of jumps becomes 238,280, constituting roughly
the 1% of the analyzed number of days. These descriptive statistics are just a reaffirmation of the
fact that jumps are rare events. For example, a stock with 20 years of trading history may have
30 overnight jumps scattered over the entire 240 months meaning that there won’t be any jump
incidence on at least 210 months. A researcher cannot derive generalizable findings with this
limited sample, and we discuss the importance of sample size in rare event studies. What we try to
achieve in our study is to have as many stocks as we can to ensure that we have sufficiently large
number of jumps each month to generate robust findings. For these 9283 stocks at 342 months, the
number of overnight jump observations is around 700 per month even in the robustness dataset.
With the collection of these 380,787 jump incidents in our main analyses, we are actually basing
our research on a very large “jump dataset”.

In the first place, we look at regression results for the first day just after the overnight information
shocks and report the results in Table 4. Each month, we specifically run cross-sectional regressions
of the stocks with overnight jump incidences. The dataset will overtly be an unbalanced panel
version with irregular jump arrivals in the time dimension. The basket of stocks will also change
each month depending on the availability of overnight information shocks. In the regressions, it
is highly likely that the error terms will not be independent of each other since a positive/negative
information shock may connote similar cases for the neighboring companies. So, we correct
for the correlation of the errors as the standard errors will otherwise be misleading. To get the
robust standard errors, we use cluster command with CRSP Standard Industrial Classification Code
(SICCD), store coeflicient estimates and t-stats for 342 months and average them.

For Table 4, we run Eq. 4 starting from the most parsimonious version and expand it by adding
our control variables one at a time. We report descriptive statistics and correlation numbers of our

variables in Table 2 and Table 3.2

12Negative jumps are not the perfect equivalent of tail risk because of two reasons: First, even small price fluctuations
outside tails may be marked as a jump during very calm periods. Second, tails also include high levels of negative
returns that come in the form of volatility whereas jumps correspond to specific returns triggered by information shocks,
liquidity shocks, and other imbalances related to trading. That said, jump magnitudes are generally considerable and
negative jumps can be regarded as rarely and sporadically arriving proxies of tail risk. We support this argument by
the high correlation of tail risk variables and IVOL in Atilgan et al. (2020). Our CJR variable has a lower correlation
with IVOL for both positive and negative jumps as we isolate overnight jump days and use IVOL_OJI in regression
analyses.
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Table 1:
Descriptive Statistics for Jumps

Notes: Jump Statistics are tabulated for stocks with more than 3 years of trading history in the analysis period. Each panel shows the jump statistics
for each corresponding component of the day. Int. Ret. in the table stands for intraday returns after overnight jumps. Our analyses cover 342 months
over the period July 1993 - December 2021.

Panel A: Overnight Return Jumps
Numbers Mean Median Int. Ret.<0 Int. Ret.>0 Int. Ret.=0 Opposite Sign Int. Same Sign Int. Retun

Return
Total 380,747 0.4% -0.9%
Negative | 201,191 -6.9% -4.8% 52,286 91,188 57,717 45% 26%
Positive | 179,556 8.6%  5.2% 91,188 55,221 33,147 51% 31%

Panel B: Intraday Return Jumps
Numbers Mean Median Ovn. Ret.<0 Ovn. Ret.>0 Ovn. Ret.=0 Opposite Sign Ovn. Same Sign Ovn. Re-

Return turn
Total 137,094 29%  2.6%
Negative | 62,998 -11.1% -8.7% 26,878 34,905 1,215 55% 43%
Positive | 74,096 14.9%  9.5% 41,338 31,109 1,649 56% 42%

Panel C: Daily Return Jumps
Numbers Mean Median Int. Ret.<0 Int. Ret.>0 Int. Ret.=0 Opposite Sign Int. Same Sign Int. Re-

Return turn
Total 123,580 3.6%  3.7%
Negative | 58,108 -14.9% -11.9% 50,948 4,168 2,992 7% 88%
Positive | 65,472 20.0% 13.2% 3,967 59,262 2,243 6% 91%

We estimate:
CDR; ;441 =@+ B1CIR; 1 4=0 + P2PREV; s 4=—1 + B3IVOL_OJ1;; + B4SIZE;
+BsBM; + BeLEV; + B7RET; 1-1,-5 + BsRET; 1—6,1-11 + PoAlLi; + &y 1o
where 0 < d < 4, CDR;; 441 1s the monthly cumulated post-jump daily returns for firm 7 and
CJR;;.q4=0 1s the cumulative overnight jump returns preceding the daily returns of our interest. For
instance, CJR;; 4=0 is the cumulated overnight jump returns of firm i for random jump days of a
given month ¢ and CDR;; 3 corresponds to cumulative 3-day returns following these jumps within
this month. Overnight period is regarded as d = 0 and the following intraday return is treated
as d = 1. For the definition of other regressor variables, see Section 3.1. We perform separate
regressions for negative and positive jump incidences.
Table 4 shows the significance of CJR,"" in all forms of regression outputs with a negative
sign for both negative and positive overnight jumps respectively at 10% and 5% significance levels.
Moreover, coefficients for negative and positive jump incidences are solid around -0.46 and -0.10

across different model specifications. In the largest model set-up (column 9), t-stat values are 1.81

and 2.12 in absolute terms. Our findings show that cumulative jump returns have a distinctive
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Table 2:
Negative Overnight Jump Stocks: Descriptive Statistics and Correlation Matrix

This table tabulates descriptive statistics and correlations between the variables in our monthly cross-sectional regressions. We calculate the figures
for each month, construct a time series and average them. CJR; and CJR; are respectively the monthly cumulated positive and negative jump
returns, PREV; is the monthly cumulated previous day returns before jumps, IVOL_OJI; is the idiosyncratic volatility calculated in isolation
with overnight jump days, SIZE is the log of market cap at every June, BM is the log of book-to-market ratio, LEV is the log of total assets’
book value divided by the log of market equity, RET;_; ;5 and RET;_¢ ;1] are set as the lagged momentum returns split for different horizons
following Grinblatt and Moskowitz (2004) and Jiang and Zhu (2017), Al is the monthly Amihud Illiquidity measure constructed as the mean of
daily figures in a month which is later multiplied by 1,000,000. Our analyses cover 342 months over the period July 1993 - December 2021. See
Section 3.1 for detailed explanations of variables.

PANEL A: Descriptive Statistics - Negative Overnight Jumps

| CJR; PREV, IVOL.OJI, SIZE, BM, LEV, RET,_,s RET, ¢, 11 Al

Mean | -0.09 0.02 0.03 19.39 -0.65 1.06 0.06 0.07  20.52
Median | -0.06 0.00 0.02 19.27 -0.56 0.78 0.02 0.03 0.49
St.Dev. | 0.08 0.09 0.03 202 103 0.87 0.35 042 141.75

Min| -0.67 -0.26 0.00 14.74 -5.66 0.00 -0.77 -0.78 0.00
Max | -0.004 0.97 0.30 25.51 3.67 5.23 2.83 3.75 2381.98
Skewness | -3.02 4.21 430 0.30 -0.53 1.33 2.34 2.78 12.07
Kurtosis | 14.81 57.51 39.09 -0.18 4.45 235 20.14 25.89 188.35
25th Per.| -0.11 -0.01 0.02 1791 -1.17 0.41 -0.12 -0.13 0.02
75th Per. | -0.04 0.03 0.04 20.76 -0.04 1.54 0.18 0.20 4.14

PANEL B: Correlations

| CJR; PREV, IVOL.OJI, SIZE, BM; LEV; RET, ;s RET; ¢; 11 Al

CJR; | 1.00
PREV,| -0.14  1.00
IVOL.OJI,| -050 027 1.00
SIZE,| 025 -0.17 042 1.00
BM,| -001 0.8 0.10 -037 1.00
LEV,| 008 0.2 -0.04 -0.07 -0.09 1.00
RET_i,_s| 0.10 -0.05 -0.13  0.03 -0.04 0.02 1.00
ETi6;-11| 0.06 -0.05 0.10  0.09 -0.16 0.00 0.00 1.00
AL | 017 0.1 025 -024 0.2 0.2 -0.07 0.05 100

and significant predictive power for the follow-up equity returns. Among other control variables,
only SIZFE is statistically significant at 10% level through certain columns in explaining cumulated
return variations within this short-window event.

Figure 2 demonstrates three empirical facts to us. First, it visually shows the overreaction
during overnight negative and positive jumps by plotting the mean of follow-up cumulative daily
returns in the left panel. This trend can also be visually inspected via Figure 3 as well. Second, the
intraday portion of cumulative returns is more powerful after negative jumps as plotted in the right
panel of Figure 2. A closer look into Figure 3 also reveals similar market behaviour: post-jump
intraday returns wander mostly above zero after negative overnight jumps and below zero after

positive overnight shocks though the former is larger in scale. This aligns with the asymmetric
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Table 3:
Positive Overnight Jump Stocks: Descriptive Statistics and Correlation Matrix

This table tabulates descriptive statistics and correlations between the variables in our monthly cross-sectional regressions. We calculate the figures
for each month, construct a time series and average them. CJR; and CJR; are respectively the monthly cumulated positive and negative jump
returns, PREV; is the monthly cumulated previous day returns before jumps, IVOL_OJI; is the idiosyncratic volatility calculated in isolation
with overnight jump days, SIZE is the log of market cap at every June, BM is the log of book-to-market ratio, LEV is the log of total assets’
book value divided by the log of market equity, RET;_; ;5 and RET;_¢ ;1] are set as the lagged momentum returns split for different horizons
following Grinblatt and Moskowitz (2004) and Jiang and Zhu (2017), Al is the monthly Amihud Illiquidity measure constructed as the mean of
daily figures in a month which is later multiplied by 1,000,000. Our analyses cover 342 months over the period July 1993 - December 2021. See
Section 3.1 for detailed explanations of variables.

PANEL A: Descriptive Statistics

|CJRY PREV, IVOL.OJI, SIZE, BM, LEV, RET, ,,s RET, ¢,.1, Al

Mean | 0.11 -0.01 0.03 1932 -0.65 1.07 0.05 0.07 16.74
Median | 0.07 0.00 0.02 19.17 -0.55 0.78 0.01 0.02 0.38
St.Dev.| 0.16 0.08 0.03 2.01 1.07 0.89 0.39 0.44 113.59

Min | 0.004 -0.41 0.00 14.66 -597 0.00 -0.80 -0.80 0.00

Max | 1.79 0.75 028 2553 395 5.56 3.24 3.99 1881.77

Skew. | 5.55 2.02 3.83 031 -053 142 2.56 2.85 12.26
Kurto. | 53.01 44.02 29.77 -0.16 4.79 2.95 23.01 25.26  189.18

25th Per.| 0.04 -0.03 0.02 17.85 -1.18 0.41 -0.14 -0.15 0.02
75th Per. | 0.12 0.01 0.04 20.68 -0.04 1.55 0.18 0.21 3.19

PANEL B: Correlations

|CJRY PREV, IVOL.OJI, SIZE, BM, LEV, RET,,, s RET, ¢,.1, Al

CJR'| 1.00

PREV,| -001  1.00
IVOL.OJI,| 045  0.00 1.00

SIZE,| -028  0.06 044 1.00

BM,| 004 -0.03 0.08 -034 1.00

LEV,| -0.04 -0.01 -0.04 -0.06 -0.12 1.00
RET_1,s| -0.11  0.03 -0.15  0.05 -0.05 0.00 1.00
RET,_6,—11 | -0.09  0.02 012 0.10 -0.16 -0.01 0.02 1.00

AL,| 0.14 -0.08 024 -023 0.1 0.02 -0.07 0.05  1.00

intraday reaction in subplot 2b of Figure 2. Third, overnight jumps are preceded by a discernible
average daily return in opposite sign. We can see that the daily return is 1.1% on day JD — 1 in
the case of negative jumps and the trend is upward just like the post-jump period, and -0.6% in the
case of positive jumps and the trend is downward just like the post-jump period. To control for this
information from the previous day, we introduce PREV; 4-_; and populated results in Table 4 and
Table 5 show that the previous day’s information does not have statistically significant explanatory
power.
Ourregressions also show that idiosyncratic volatility calculated over non-jump days /VOL_OJ1),

book-to-market ratios (BM), leverage (LEV), momentum (RET;_; ;-5 and RET;_¢;-11) and firm-

specific illiquidity (A7;) do not have a statistically significant coefficient in explaining the return
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Table 4:
Overnight Jumps and Return Predictability

To disentangle the discontinuous overnight components of monthly returns, we calculate cumulative overnight positive and negative jump returns
for each firm. On a monthly scale, we also calculate cumulative post-jump intraday returns for the first day as shown in Section 3.2.2 and construct
our dependent variable IR;. Then, we run monthly cross-sectional regressions and save the coefficients and t-stats. To correct the correlation of the
errors and get robust standard errors, we use cluster command with CRSP Standard Industrial Classification Code (SICCD). From columns (2) to
(9), we add each firm-specific control variable one at a time. This table reports results only for the first day after jumps and results of the other days
are available upon request. Table populates averaged monthly coefficient estimates and t-statistics from the monthly regressions. CJR{ and CJR;
are respectively the monthly cumulated positive and negative jump returns, PREV; is the monthly cumulated previous day returns before jumps,
IVOL_OJI; is the idiosyncratic volatility calculated in isolation with overnight jump days, SIZE is the log of market cap at every June, BM
is the log of book-to-market ratio, LEV is the log of total assets’ book value divided by the log of market equity, RET;_1 ;—5 and RET; ¢ ;11
are set as the lagged momentum returns split for different horizons following Grinblatt and Moskowitz (2004) and Jiang and Zhu (2017), Al; is
the monthly Amihud Illiquidity measure constructed as the mean of daily figures in a month which is later multiplied by 1,000,000. Estimated
regression coefficients for SIZE, BM, LEV, RET;_; ;_5, RET;_¢ ;-11 and Al; are multiplied by 100. Our analyses cover 342 months over the
period July 1993 - December 2021. See Section 3.1 for the detailed explanations of variables.

Model (9)1 CDR,"[’CH] = a+ ﬁ]CJR,"t’LhO +ﬁ2PREVi’t’d=,] +ﬁ3IVOL,OJI,',t +,84SIZE[ + ,35BM,' + ,36LEV,' + ,B7RET[’,_1’,_5 +
BSRET; t-6,t-11 +PoAlit + &i ¢

PANEL A: Negative Jumps

Dep. Variable:(/R;) 1) 2) 3) “) 5) 6) @) 8 9
CJR; -043 -044 -046 -046 -046 -046 -046 -047 -047
(-1.81) (-1.84) (-1.76) (-1.73) (-1.76) (-1.76) (-1.76) (-1.77) (-1.81)
PREV; -0.04 -0.03 -0.04 -0.04 -0.04 -0.04 -0.04 -0.04
(-0.33) (-0.2) (-0.25) (-0.25) (-0.27) (-0.28) (-0.28) (-0.3)
IVOL_OJI, -0.14 -035 -035 -034 -033 -0.33 -0.31
(-0.1) (-0.6) (-0.59) (-0.58) (-0.59) (-0.6) (-0.53)
SIZE; -0.53 -044 -042 -041 -043 -043
(-2.1) (-1.78) (-1.7) (-1.69) (-1.68) (-1.65)
BM, 0.42 0.46 0.45 0.42 0.43
0.3)  (0.34) (0.34) (0.29) (0.31)
LEV, 0.18 0.16 0.15 0.15
(0.32) (0.31) (0.31) (0.31)
RET;_1;-5 -0.45 -047 -045
(-0.07) (-0.06) (-0.07)
RETZ—ﬁ,I—ll 042 037
(-0.21) (-0.21)
Al 0.01
(-0.18)
Intercept -0.02  -0.03 -0.02 0.09 0.07 0.07 0.07 0.07 0.07
(0.04) (-0.01) (-0.08) (1.96) (1.72) (1.57) (1.56) (1.57) (1.52)
Adj.R? 0.08 0.10 0.11 0.12 0.12 0.13 0.13 0.13 0.14
PANEL B: Positive Jumps
Dep. Variable:(/R;) 1) 2) 3 “) 5) 6) @) 8 9
CJR} -0.11 -0.12 -0.11  -0.10 -0.10 -0.10 -0.10 -0.10 -0.10
(-2.46) (-2.56) (-2.14) (-2.05) (-2.06) (-2.07) (-2.06) (-2.06) (-2.12)
PREV, 0.04 0.03 0.03 0.03 0.03 0.03 0.03 0.03
(0.52) (0.48) (0.39) (0.4) (0.39) (0.39) (04 (041
IVOL OJI, -0.13  0.01 0.01 0.01 0.02 0.03 0.00
(-0.81) (-0.35) (-0.35) (-0.35) (-0.31) (-0.3) (-0.45)
SIZE, 0.38 0.38 0.38 0.38 0.38 0.40
(1.79) (1.63) (1.55) (1.57) (1.56) (1.6)
BM; -0.02  -0.04 -0.02 0.0l -0.01
(-0.02) (-0.08) (-0.04) (0.01) (-0.02)
LEV, -0.12 -0.11  -0.11  -0.11
(-0.33) (-0.32) (-0.3) (-0.31)
RET, 1,5 0.55 0.56 0.56
0.36) (0.37) (0.37)
RET;6:-11 0.36 0.36
(0.27) (0.29)
Al 0.01
(0.61)
Intercept 0.00 0.00 0.00 -0.08 -0.08 -0.08 -0.08 -0.08 -0.08
(-0.28) (-0.26) (0.43) (-1.6) (-1.51) (-1.38) (-1.4) (-1.4) (-1.42)
Adj.R? 0.07 0.10 0.12 0.12 0.13 0.13 0.13 0.13 0.14
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Figure 2: Overreaction Path

(a) - Cumulative Daily Returns (b) - Cumulative Intraday Returns
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Notes: This graph shows overreaction to overnight information shocks. The left panel plots the
mean of the cumulative daily returns around negative and positive overnight price jumps whereas
the right panel unravels the mean of cumulative intraday returns.

Figure 3: Overnight Jumps and Intraday Returns

(a) - Overnight Negative Jumps and Intraday Returns (b) - Overnight Positive Jumps and Intraday Returns
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Notes: This graph shows value-weighted overnight jump returns and their value-weighted counter-
part in the following intraday section.

behaviors around these short-term overreaction episodes. These firm-specific factors (which are
regarded as proxies for different risks) lose their predictive power during these times. Only SIZE
remains as a firm-specific risk factor with a significant coefficient. These findings conform to the

gist of Kamara et al. (2016) as some factors may not be priced for certain horizons whereas some
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Table 5:
Daily Return Predictability After Overnight Jumps

To disentangle the discontinuous overnight components of monthly returns, we calculate cumulative overnight positive and negative jump returns
for each firm. On a monthly scale, we also calculate cumulative post-jump returns up to five days as shown in Section 3.2.2, and construct
our dependent variables. Then, we run monthly cross-sectional regressions and save the coefficients and t-stats. To correct the correlation of
the errors and get robust standard errors, we use cluster command with CRSP Standard Industrial Classification Code (SICCD). The dependent
variable 1Dy is the intraday return just after the overnight jump. For the other days, the dependent variable represents cumulative returns up
to that day after jump incidence. Table populates averaged monthly coefficient estimates and t-statistics from the monthly regressions. CJR;
and CJR; are respectively the monthly cumulated positive and negative jump returns, PREV; is the monthly cumulated previous day returns
before jumps, IVOL_OJ1; is the idiosyncratic volatility calculated in isolation with overnight jump days, SIZE is the log of market cap at every
June, BM is the log of book-to-market ratio, LE'V is the log of total assets’ book value divided by the log of market equity, RET;_; ;-5 and
RET; 611 are set as the lagged momentum returns split for different horizons following Grinblatt and Moskowitz (2004) and Jiang and Zhu
(2017), Al; is the monthly Amihud Illiquidity measure constructed as the mean of daily figures in a month which is later multiplied by 1,000,000.
Estimated regression coefficients for SIZE, BM, LEV, RET;_1 -5, RET;_¢;-11 and Al, are multiplied by 100. Our analyses cover 342
months over the period July 1993 - December 2021. See Section 3.1 for the detailed explanations of variables. Estimated model: CDR; ; 441 =
a+P1CIR; 1,a=0+P2PREV; ¢ q=—1+P3IVOL-OJI; + +BsSIZE; +BsBM; + B LEV; +B1RET; 1 1-5+BsRET; 1—6,1-11+PoAlit + &i ¢

PANEL A: Negative Jumps

Dependent Variable 1D, 2D, 3D, 4D, 5D,
coef. t coef. t coef. t coef. t coef. t

Intercept 0.07 (1.52) 0.08 (1.5 0.08 (1.41) 0.08 (1.25) 0.07 (1.14)
CJR; -047 (-1.81) -0.52 (-1.89) -0.50 (-1.61) -0.45 (-1.37) -0.44 (-1.21)
PREYV, -0.04 (-0.3) -0.01 (-0.05) -0.06 (-0.38) -0.05 (-0.22) -0.05 (-0.33)
IVOL_0JI, -0.31 (-0.53) -0.26 (-0.47) -0.20 (-0.35) -0.07 (-0.16) 0.02 (-0.07)
SIZE, -0.43 (-1.65) -0.50 (-1.67) -0.49 (-1.56) -0.48 (-1.39) -0.45 (-1.26)
BM, 043 (0.31) 0.58 (0.51) 0.63 (0.5 0.60 (0.48) 0.66 (0.49)
LEV, 0.15 (0.31) 0.31 (0.53) 0.33 (047) 028 (0.43) 0.32 (0.4)
RET;_1,-5 -0.45 (-0.07) -0.19 (0.04) -0.45 (-0.06) -0.36 (-0.06) -0.49 (-0.12)
RET, 6,11 0.37 (-0.21) 0.60 (-0.04) 0.56 (-0.05) 0.58 (-0.03) 0.65 (0.01)
Al 0.01 (-0.18) 0.02 (1.59) 0.04 (1.59) 0.02 (1.37) 0.02 (1.28)
Adj.R? 0.14 0.21 0.19 0.17 0.16

PANEL B: Positive Jumps

Dependent Variable 1D; 2D, 3D; 4D, 5D;
coef. t coef. t coef. t coef. t coef. t

Intercept -0.08 (-1.42) -0.13 (-1.76) -0.15 (-1.74) -0.17 (-1.71) -0.17 (-1.66)
CJR} -0.10 (-2.12) -0.10 (-1.99) -0.11 (-1.86) -0.10 (-1.65) -0.10 (-1.59)
PREV; 0.03 (0401 0.05 (0.24) 0.03 (0.03) 0.03 (0.07) 0.04 (0.09)
IVOL_0OJI, 0.00 (-0.45) 0.07 (-0.28) 0.21 (-0.13) 0.31 (-0.04) 0.34 (-0.01)
SIZE, 0.40 (1.6) 0.62 (1.94) 0.71 (1.91) 0.79 (1.86) 0.81 (1.81)
BM,; -0.01 (-0.02) -0.01 (-0.07) 0.02 (0 0.07 (0.05) 0.09 (0.12)
LEV, -0.11 (-0.31) -0.18 (-0.43) -0.13 (-0.3) -0.11 (-0.21) -0.14 (-0.2)
RET;_1,-5 0.56 (0.37) 0.77 (0.39) 0.88 (0.41) 0.99 (0.37) 1.03 (0.38)
RET, _6,-11 0.36 (0.29) 0.44 (0.29) 0.53 (0.34) 0.50 (0.33) 0.48 (0.31)
Al 0.01 (0.61) 0.00 (-0.25) 0.01 (-0.34) 0.00 (-0.31) 0.01 (-0.21)
Adj.R? 0.14 0.15 0.14 0.13 0.12

gain predictive power in the same time span. On the other hand, CJR; is statistically significant at

10% significance level after negative jumps and at 5% after positive jumps in the first two days. It
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is further significant for an additional two days at 10% significance level after positive overnight
shocks. (see Table 4 and Table 5). In our robustness checks where we shorten the minimum
required trading history to two years and exclude the jumps if the CRSP closing price before the
overnight jump day is set to the bid-ask averages, we still maintain the return predictability after
negative and positive overnight jumps. If we use IVOL_DJ I, as our idiosyncratic risk variable, the
coefficient for CJR; is statistically significant at 10% level on the first day and coefficient for CJR;
is statistically significant at 5% level on the first three days and significant at 10% level after four
days. If we use IVOL_ODJ]I; as our regressor to control for idiosyncratic risks, the coefficient for
CJR; is still statistically significant at 10% level on the first day. CJR] is statistically significant at
5% level on the first day and significant at 10% level until the forth day. Thus, CJR; may function
as a factor of overnight information shocks in predicting future stock returns.

Regarding the mechanics of overnight price jumps, a potential question might be related to
market maker inventory concerns. One may think that market makers may price the stock ac-
cordingly to reconcile the risk taken over the night and prices adjust in the next opening session
and that creates an overnight jump. Dedicated literature addresses previous-day factors and their
impacts on the opening prices as discussed in Barber and Odean (2008) and Berkman et al. (2012)
among others. With these at hand, there are three things worthy of highlighting. Firstly, to account
for these preceding-day effects, we constructed a control factor as PREV where we aggregate the
previous day’s returns and check if the cumulative returns following the jumps can be predicted by
these previous-day figures. However, estimated models for various specifications have insignificant
loadings. Secondly, trading volumes are dominated by High Frequency Traders (HFT) in the US
and it is well-known that HFTs typically don’t hold overnight inventory and unload their positions
before markets close. Zhang (2010) estimate that 78% of the trading volume in the US in 2009 are
due to HFTs and that was almost 0% in 1995. HFTs are even more dominant in today’s trading
environment. Though there is devoted literature on inventory management and implications for
asset pricing, market makers holding overnight positions and the reconciliation effect of this prac-
tice on opening prices might not have that much effect in the context of jumps. As can be verified
from Table 7 and Table 8, the lowest jump magnitudes for Quintile 1 are -4.4%, -6.5% for negative
jumps and 5.6% and 6.9% for positive jumps and it is unlikely that the pre-mentioned market
maker practice will lead to such movements. Third, regardless of all the discussions on investor

overreaction vs mechanical forces, cumulative overnight jump returns predicting the short-term
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cumulative follow-up returns have been untouched to date and it is this axis of the subject our study

tries to contribute.

4.2 Cumulative Approach vs Isolated Approach

The case that jumps following each other on adjacent days has low probability due to the obvious
nature of jumps, but it does not have to be the case that there won’t be any jump observation on
successive days. In other words, jumps can be followed by other jumps but this is rare in the sense
that it would otherwise imply information shocks’ arrival in chunks on different days. Above all, it
becomes technically harder for returns to be marked as a jump if the recent preceding returns are
also extreme. That is because of the fact that integrated volatility will become higher, and it will
drag down the test statistic and that will make the chances of the next return being marked as jump
low. In contrast, the chances of these returns being treated as “volatility” will be higher. As an
extreme example, we can kindly imagine a window of 15 days with an up & down return sequence
of +4%, -4%, +4%,-4%+. . . +4%. The next -4% on the 16th day will not be marked as a jump
amid this fluctuating environment due to the inflated integrated volatility and this return will be
credited to volatility not to jump. We also note that the adopted cumulating approach does not flaw
predictability due to the nature of jumps. To support our return predictability findings in the absence
of the cumulative approach, where each jump is treated in isolation and enters the cross-sectional
regression individually, we can add another layer of robustness check. Table 6 shows that return
predictability results are still valid with statistical significance. A few fundamental reasons exist
for the results being sustained under this alternative approach.

Firstly, for stocks having multiple jumps in a month, it is highly likely that the jumps will
resemble each other though not perfectly be the same. That can also be thought of for the follow-up
return patterns. To put it differently, stocks of certain characteristics will exhibit certain behaviors.
For instance, Table 7 and Table 8 verify that stocks with low IVOL have low jump and reversal
magnitudes on average whereas high IVOL stocks are associated with higher jump and reversal
figures. Hence, accumulating two jumps and accumulating follow-up returns will be akin to
cumulating similar jumps and similar follow-up return components. To support this argument,
we construct standardized positive and negative jump series for each stock, combine them for the
whole dataset, draw histograms, and calculate excess kurtosis to see if the values are clustered

around the mean with a peaked outlook. In Figure 4, standardized positive and negative jumps
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Table 6:
Return Predictability with Isolated Jump Returns

This Table reports return predictability results when jumps are treated in isolation instead of calculating cumulative jump returns and cumulative
follow-up returns. Stocks having multiple jumps in a month appear with multiple observations in monthly regressions as opposed to once with
their cumulative figures. Tabulated results are for the first day after overnight jumps. We run monthly cross-sectional regressions and save the
coeflicients and t-stats. To correct the correlation of the errors and get robust standard errors, we use cluster command with CRSP Standard
Industrial Classification Code (SICCD). The dependent variable 1Dy is the intraday return just after the overnight jump. Table populates averaged
monthly coefficient estimates and t-statistics from the monthly regressions. JR ™" variables in the first and second part of the Table respectively
stand for negative and positive jump returns, PREYV is the previous day return before jumps, IVOL_OJ I; is the idiosyncratic volatility calculated
in isolation with overnight jump days, SIZE is the log of market cap at every June, BM is the log of book-to-market ratio, LE'V is the log of total
assets’ book value divided by the log of market equity, RET;_y ;_5 and RET;_¢ ;1 are set as the lagged momentum returns split for different
horizons following Grinblatt and Moskowitz (2004) and Jiang and Zhu (2017), Al; is the monthly Amihud Illiquidity measure constructed as the
mean of daily figures in a month which is later multiplied by 1,000,000. Estimated regression coefficients for SIZE, BM, LEV, RET;_; ;_s,
RET; _¢;-11 and Al; are multiplied by 100. Our analyses cover 342 months over the period July 1993 - December 2021. See Section 3.1 for the
detailed explanations of variables.

Intercept JR~ PREV IVOL.OJI, SIZE; BM, LEV, RET,_i,s RET, ¢;.11 Al Adj.R?

1D 008  -045 -0.06 -0.29 049 037 020  -035 0.41 002 0.2
(1.67)  (-1.67) (-0.61) (-0.48)  (-1.76) (0.28) (0.26)  (-0.08) (-0.19)  (-0.35)

Intercept JR* PREV IVOL.OJI, SIZE, BM, LEV, RET_i,s RET_¢,.11 Al, Adj.R*
1D -008  -0.09 -0.04 0.03 037 001 -007 053 0.36 0.0l  0.10
(-1.49)  (-1.84) (-0.55) (-0.52)  (1.65) (0.02) (-0.25) (0.37) 03)  (0.55)

as well as the standardized follow-up returns on the first day have clear peakedness: standardized
positive and negative jumps have respectively 6.07 and 3.50 excess kurtosis and these figures are
3.10 and 5.46 for the follow-up returns after positive and negative jumps. In the same vein, 82%
of positive jump observations are one standard deviation away from the mean and this is 78% for
negative jumps. For the follow-up returns, figures are 77% and 79% for positive and negative jump
incidences respectively.

Second, a stock having multiple jumps in a month becomes a rare occasion, especially after
2000. Only 9.1% of the stocks have multiple positive jumps in a month in the main analyses after
2000 and that is around 6.0% in the robustness data. Figures are 10.4% and 5.3% in negative jumps
respectively for the main analyses and the robustness check. When we consider the whole data
period, these figures are 12.7% and 8.8% in positive jumps respectively for the main analyses and
the robustness check and it is 15.9% and 8.4% for negative jumps. In other words, the cumulative
approach is functioning for a tiny portion of stocks, especially after 2000. The main trend is

depicted in Figure 5.
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Figure 4: Standardized Jumps and Standardized Follow-up Returns
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Notes: This Figure shows standardized positive and negative jumps as well as the follow-up returns.
For each stock, we standardize positive and negative jumps separately along with the first-day returns
following the jumps. After repeating this for all stocks, we plot the whole standardized dataset.

4.3 Degree of Reversal

The correction level in the mispricing is not homogeneous among stocks with different characteris-
tics which may be essential in impelling arbitrageurs to step in. Bunch of literature documents that
there are limits to arbitrage (Shleifer and Vishny (1997), Hirshleifer (2001) and Kyle and Xiong
(2001)) among many others) and arbitrage practices are not perfectly mechanical and not riskless.
Willingness for price correction decays even further when the level of mispricing is intense. As
pointed out by Atilgan et al. (2020) and relevant literature, idiosyncratic risk is regarded as one of
the most crucial arbitrage costs, especially when combined with extreme noise trading. In Table 7
and Table 8, we delve into price reversals and their association with the stocks’ idiosyncratic risks.
In that regard, one may expect the fraction of jump returns being reversed to be lower for stocks

with higher levels of idiosyncratic volatility. However, such a claim requires the knowledge of a
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Figure 5: Percent of Stocks With More Than One Jump At Each month
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Notes: This Figure plots the portion of stocks with more than one jump over the entire data period.
At each month, we determine the number of stocks that have at least one jump incidence and find
the number of stocks with more than one jump observation. Then, the ratio of stocks with multiple
overnight jumps at each month is graphed.

fair price level to assess whether the reversed fraction eliminates the overreaction component and
mispricing entirely.

We report results for the first three days after negative and positive jump incidences. Stocks are
primarily sorted according to their IVOL_OJI levels as, all else being equal, it may be a powerful
indicator for arbitrageurs whether to engage in price correction activity or not. At each month,
stocks are sorted in ascending order according to their monthly /VOL_OJI numbers. We split the
sorted stock list into quintiles and analyze their jump and reversal patterns thoroughly. Q5 contains
the riskiest and the most illiquid stocks whereas Q1 encloses stocks with the lowest idiosyncratic
volatility and illiquidity levels.

The reversed jump fraction of jump is shown in column Reversal/Jump with a positive sign.
Panel A both in Table 7 and Table 8 tabulates results for quintile portfolios constructed according to
ascending /VOL_OJ]I levels and Panel B shows the results for A/ figures. Looking at the reversed
jump fractions, it is visibly higher for negative jump episodes which is compatible with investors’
inclination to overreact more intensely to negative shocks. That is in line with our expectations
before the analysis. Degrees of reversal are similar and slightly above 20% across all quintiles for

negative overnight jumps. 23% of the negative overnight jump is reversed for Q1 stocks in the
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Table 7:
Degree of Reversal - Negative Overnight Jumps

Below table shows the degree of reversals across different quintiles of stocks formed according to stock-specific risk figures. Reversal is the
cumulative returns until each specified day after the jump incidence. Reversal/Jump is the fraction of jumps that is cumulatively reversed in
respective days. At each month, we separately sort stocks in ascending order according to their Idiosyncratic Volatility levels calculated in isolation
with overnight jump days (/VOL_OJI) during that month and their monthly Amihud Illiquidity (A7) figures and split the sorted stocks in quintiles.
Quintile 1 is for the stocks with lowest Al and IVOL_OJ] figures. For each month, we take the average of cumulative reversal returns within each
quintile and construct different time series for them. Tabulated numbers are the time-series averages for each day after overnight negative jump
incidence. Q5 — Q1 stands for the mean differences for each column variable with t-statistics values below in parenthesis. Our analyses cover 342
months over the period July 1993 - December 2021.

Panel A: Stocks are Sorted According to Jump-Day-Isolated Idiosyncratic Volatility Figures

Jump Day Jump Day+1 Jump Day+2
Reversal Jump Reversal/Jump Reversal Jump Reversal/Jump Reversal Jump Reversal/Jump
Quintile1  1.0%  -4.4% 0.23 1.3%  -4.4% 0.32 1.4%  -4.4% 0.33
Quintile2 12%  -6.2% 0.20 1.7%  -6.2% 0.28 1.7%  -6.2% 0.28
Quintile3 1.7%  -8.0% 0.20 23%  -8.0% 0.27 22%  -8.0% 0.27
Quintile4 3.0% -10.3% 0.24 37% -10.3% 0.31 37% -10.3% 0.31
Quintile5 4.5% -16.0% 0.26 6.9% -15.9% 0.39 6.9% -15.9% 0.40
Q1-Q5 -3.5%  11.6% -0.03 -5.5%  11.6% -0.07 -5.5%  11.5% -0.07
(-10.11) (46.9) (-1.59) (-12.67) (46.81) (-3.03) (-12.18) (46.88) (-22.04)

Panel B: Stocks are Sorted According to Monthly Amihud Illiquidity Figures

Jump Day Jump Day+1 Jump Day+2
Reversal Jump Reversal/Jump Reversal Jump Reversal/Jump Reversal Jump Reversal/Jump
Quintile1 0.4%  -6.5% 0.07 0.5%  -6.5% 0.07 0.5%  -6.5% 0.08
Quintile2 0.8%  -7.8% 0.12 1.0%  -7.8% 0.13 1.0%  -7.8% 0.14
Quintile3 1.5%  -8.4% 0.19 1.7%  -8.4% 0.22 1.7%  -8.4% 0.22
Quintile4 3.7%  -9.6% 0.33 44%  -9.6% 0.41 42%  -9.6% 0.40
Quintile5 5.1% -12.6% 0.41 85% -12.6% 0.63 8.6% -12.6% 0.64
Q1-Q5 -4.6%  6.1% -0.34 -8.0%  6.1% -0.56 -8.1%  6.1% -0.57
(-15.86) (22.14) (-15.06) (-20.48) (22.06) (-21.69) (-20.05) (21.97) (-20.84)

intraday period right after the information shock and this fraction is 26% for Q5 stocks. At the end
of the second and third days after the jump, the reversal fraction is higher. For positive overnight
jumps, we show that 8% of the jump is reversed in the first day after the overnight jump for Q1
stocks whereas this fraction is 16% for stocks with the highest idiosyncratic volatility numbers.
The reversal fractions do not materially change after two and three days following the jump in all
quintiles.

We replicate our analysis by sorting stocks according to their Al figures in that month and
document our findings for negative and positive overnight jumps in Panel B of Table 7 and Table 8.
The highest fraction of reversal for stock-specific illiquidity is observed in Q5 stocks and magnitudes

in all quintiles are higher for negative information shocks compared to positive overnight jumps
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Table 8:
Degree of Reversal - Positive Overnight Jumps

Below table shows the degree of reversals across different quintiles of stocks formed according to stock-specific risk figures. Reversal is the
cumulative returns until each specified day after the jump incidence. Reversal/Jump is the fraction of jumps that is cumulatively reversed in
respective days. At each month, we separately sort stocks in ascending order according to their Idiosyncratic Volatility levels calculated in isolation
with overnight jump days (/VOL_OJI) during that month and their monthly Amihud Illiquidity (A7) figures and split the sorted stocks in quintiles.
Quintile 1 is for the stocks with lowest Al and IVOL_OJ] figures. For each month, we take the average of cumulative reversal returns within each
quintile and construct different time series for them. Tabulated numbers are the time-series averages for each day after overnight negative jump
incidence. Q5 — Q1 stands for the mean differences for each column variable with t-statistics values below in parenthesis. Our analyses cover 342
months over the period July 1993 - December 2021.

Panel A: Stocks are Sorted According to Jump-Day-Isolated Idiosyncratic Volatility Figures

Jump Day Jump Day+1 Jump Day+2
Reversal Jump Reversal/Jump Reversal Jump Reversal/Jump Reversal Jump Reversal/Jump
Quintile 1  -0.5% 5.6% 0.08 -0.5% 5.7% 0.10 -0.5% 5.7% 0.08
Quintile2  -0.7% 7.1% 0.08 -0.8% 7.1% 0.11 -0.8% 7.1% 0.10
Quintile3 -1.0% 8.9% 0.10 -1.3% 8.9% 0.13 -1.3% 8.9% 0.13
Quintile4 -2.0%  11.8% 0.16 -24%  11.8% 0.19 -2.3%  11.8% 0.19
Quintile 5 -33%  22.3% 0.16 -3.9%  22.3% 0.19 -3.9%  22.3% 0.19
Q1-Q5 29%  -16.7% -0.08 34%  -16.6% -0.09 34%  -16.6% -0.10
17.3)  (-27.2) (-9.42) (16.1) (-27.16) (-8.52) (13.21) (-27.12) (-8.06)

Panel B: Stocks are Sorted According to Monthly Amihud Illiquidity Figures

Jump Day Jump Day+1 Jump Day+2
Reversal Jump Reversal/Jump Reversal Jump Reversal/Jump Reversal Jump Reversal/Jump
Quintile1  -0.1% 6.9% 0.01 0.0% 6.9% -0.01 0.2% 6.9% -0.03
Quintile2  -0.5% 9.0% 0.05 -0.4% 9.0% 0.03 -0.3% 9.0% 0.02
Quintile3 -1.1%  10.4% 0.10 -1.1%  10.4% 0.10 -1.1%  10.4% 0.09
Quintile4 -2.2%  12.4% 0.18 2.5%  12.4% 0.20 2.5%  12.4% 0.20
Quintile 5 -35%  16.9% 0.22 -4.9%  16.9% 0.31 -5.1%  16.8% 0.31
Q1-Q5 3.4% -9.9% -0.21 5.0% -9.9% -0.32 5.3% -9.9% -0.35
(28.42) (-23.35) (-25.23) (32.48) (-23.27) (-30.12) (30.62) (-23.23) (-27.42)

similar to the /VOL_OJ]I sorting scheme.

Investors may consider the idiosyncratic volatility levels as a critical cost in their trading
practices and refrain from exploiting the overreaction pattern for some specific stocks. Reversal
degrees are quite similar in different /VOL_OJ]I classifications after negative jumps and somewhat
different after positive overnight shocks. Although we cannot be sure that the new prices after the
reversals are at fair levels, we may expect that stocks in the Q1 group may be closer to the efficient
price trajectory due to less noise and the clientele base being composed more of institutional and
professional investors.

Another finding that conforms to the behavioral dimensions of sharp price movements is the

overall levels of price reversals after negative and positive overnight information shocks. It is
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Table 9:
Regressions for Different Quintiles of IVOL_OJI

This table shows the regression outputs for portfolios formed according to different /VOL_OJI quintiles. At each month, we sort overnight jump
stocks in ascending order based on the /VOL_OJI numbers and form quintile portfolios. Then, we run monthly cross-sectional regressions and
save the coefficients and t-stats. To correct the correlation of the errors and get robust standard errors, we use cluster command with CRSP Standard
Industrial Classification Code (SICCD). Table populates averaged monthly coefficient estimates and t-statistics from the monthly regressions.
CJR/ and CJR; are respectively the monthly cumulated positive and negative jump returns, PREV; is the monthly cumulated previous day
returns before jumps, IVOL_OJ1; is the idiosyncratic volatility calculated in isolation with overnight jump days, SIZE is the log of market cap
at every June, BM is the log of book-to-market ratio, LE'V is the log of total assets’ book value divided by the log of market equity, RET;_1 ;_5
and RET;_¢ ;—11 are set as the lagged momentum returns split for different horizons following Grinblatt and Moskowitz (2004) and Jiang and Zhu
(2017), Al is the monthly Amihud Illiquidity measure constructed as the mean of daily figures in a month which is later multiplied by 1,000,000.
Estimated regression coefficients for SIZE, BM, LEV, RET;_ -5, RET;_¢;-11 and Al; are multiplied by 100. Our analyses cover 342
months over the period July 1993 - December 2021. See Section 3.1 for the detailed explanations of variables. Estimated model: CDR; ; 441 =
a+P1CIR; ¢,a=0+P2PREV; ¢ 4=—1+B3IVOL-OJI; 1 +PsSIZE; +B5sBM; + B LEV; +B1RET; 1 1-5+BsRET; 1—6,1-11+PoAli ¢t + &i ¢

Negative Overnight Jumps

| Int. CJR; PREV, IVOL OJI, SIZE, BM, LEV;, RET,_i,s RET, ¢, 11 Al, Adj.R?

Q1| 004 -031 -0.02 0.81 017 013 019 029 0.32 0.16 0.13
0.61) (-1.84) (-0.03) (-0.38)  (-0.63) (0.23) (0.41) (-0.02) 0.09)  (-0.78)

Q2| 008 -022 -0.02 031 039 0.12 001 0.01 0.22 043" 0.10
(0.74) (-1.38) (-0.08)  (-0.04) (-0.97) (0.12) (0.22)  (0.04) 0.06)  (-0.69)

Q3| 0.14 -024 -0.03 0.48 072 004 013  -0.03 0.12 044 0.10
0.92) (-124) (-0.11)  (-0.05) (-1.19) (0.03) (0.14) (0) -0.06)  (-0.52)

Q4| 0.12° -044 001 -0.03 081 1.07 -062  -041 2.89 081  0.11
(1.09) (-1.03) (-0.13)  (-0.07) (-1.31) (0) (-0.08) (-0.13) -0.1)  (-0.61)

Q5| 021 -051 -0.04 0.18 -134 026 -009  0.08 124 -048 0.8
0.95) (-1.32) (-0.34)  (-0.39) 1)  (0.05 (-0.03) (-0.07) (-0.12)  (-0.18)

Positive Overnight Jumps

‘ Int. CJRS PREV, IVOLOJI, SIZE, BM; LEV, RET,_1;-5s RET;_¢;-11 Al Adj.R?

Q1| -001 -005 0.4 0.05 007 -0.16 -025  -0.38 0.00 024 005
(-0.4) (-0.76) (0.26)  (-0.03)  (0.4) (-0.31) (-0.47) (-0.13) 0.03)  (0.24)

Q2| -005 -0.07 -0.01 0.19 025 -0.13 -007  -0.08 0.22 135 0.07
0.61) (-0.75) (0.07)  (0.03)  (0.76) (-0.17) (-021)  (0.02) 0.13)  (0.07)

Q3| -0.09 -0.12° 0.2 0.11 048 -002 -0.12 051 0.25 047  0.08
(-0.74) (-131) (0.23)  (-0.05) (1) (-0.04) (-022) (0.14) 022)  (0.27)

Q4| -0.11 -0.13 0.1 -0.40 065 0.8 -003 083 0.35 0.03 0.1
(-0.86) (-1.67) (0.33)  (-0.18)  (1.13) (0.23) (-0.05) (0.39) (0.18)  (0.53)

Q5| -0.12 -0.13  0.01 0.18 053 002 -008 074 0.36 001 0.16
(-0.63) (-1.89) (0.2)  (-0.01)  (0.59) (0.11) (-0.03) (0.27) 0.13)  (0.34)

obvious from Table 7 and Table 8 that the degree of reversal is notably higher in all quintiles on
all days after negative jumps and that supports the premise of asymmetric reaction to negative
and positive information shocks and aligns with investors’ psychological inclination to be more
sensitive to negative shocks. To put it differently, investors are overreacting more to unexpected
negative news flows than they do to positive information shocks.

Drawing us a broad picture, return predictability in Table 4 and Table 5 is for all stocks
combined. To check the significance of CJR in different stock groups, we repeat our analyses by
forming quintile portfolios based on different idiosyncratic risk levels. At each month, we sort

jump stocks in ascending order according to /VOL_OJ]I figures, split them into quintiles, and run
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cross-sectional regressions. Results are tabulated in Table 9. In Panel A of Table 9, predictability
is present in Q1 stocks with the lowest volatility whereas predictability lasts for Q4 and Q5 stocks
after positive overnight jumps. To check the robustness of these predictable patterns, we repeat our
analysis with stocks with at least two years of trading history and eliminate the overnight jumps
if the CRSP closing price is calculated as the average of bid and ask prices. We maintain the
predictability for Q1 stocks after negative jumps and for Q5 after positive jumps.

All in all, our findings show that cross-sectional return predictability around these short-event
windows (the very few days after overnight jumps) is explained by our cumulative jump return factor

that proxies information shocks and that predictability changes across different stock groupings.

4.4 Trading Strategies

Investors are implementing dynamic trading strategies with various expectations for the future. In
our case, we check if a trading strategy based on jump classification can generate risk-adjusted
returns or end up in losses. We do our analysis for all overnight jump stocks in a given month
and derive the results with an iterative process. At the end of each month, we first calculate the
cumulative overnight jump returns of stocks and sort them in ascending order according to these
returns. Sorted stocks are split into deciles with D1 having the lowest return and D10 with the
highest return. Afterward, we calculate value-weighted portfolio returns for one-month investment
horizon distinctively for each decile.

Our main purpose is to check both contrarian and relative strength trading strategies for these
jump stocks. Although our analysis showed a short-term overreaction pattern around jump days, we
wonder if the returns -after some time- show a drift pattern as opposed to a reversal. As tabulated
in Table 10, a contrarian trading strategy for the stocks with the lowest negative overnight jump
returns incurs -0.3% abnormal return with a Newey-West t-statistics of -1.14. However, a relative
strength strategy for positive overnight jump stocks in D10 results in a 0.3% abnormal return with
again an insignificant Newey-West t-statistics of 1.27. A zero-cost trading strategy that longs D1
and shorts D10 portfolios ends up -0.64% of abnormal return with a significant -2.03 Newey-
West t-statistics. This combined trading strategy incurs a 0.8% abnormal loss with a significant
t-statistics of -2.10 if we instead use D1 and D5 portfolios. These results cumulatively tell us that
the overreaction-reversal pattern is a short-lived market episode. Betting on a one-month reversal

pattern and constructing a contrarian trading strategy with extreme deciles will lead to risk-adjusted
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Table 10:
Trading Strategies Based on Jump Classification

At the end of each month, we sort jump stocks according to their monthly cumulative overnight jump returns in ascending order where D1 is the
first decile with the lowest returns and D10 is the last decile with the highest returns. We form value-weighted portfolios for each decile with
one-month investment horizon (1M). This procedure is repeated every month and the means of the portfolio returns are recorded continuously. We
implement long and short trading strategies for each decile along with a long/short strategy among D1, D5, and D10 decile portfolios. Raw returns
are the mean value of portfolio returns over the analysis period. Table mainly reports FF4 alphas of trading strategies and Newey-West t-statistics
with 12 lags. Our analyses cover 342 months over the period July 1993 - December 2021.

PANEL A - Long Strategy
Decile \ D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

Raw Return | 0.70% 0.90% 0.88% 1.13% 1.27% 0.99% 0.91% 0.90% 1.30% 1.34%
FF4 alpha | -0.003 -0.001 -0.001 0.002 0.005 0.001 0.000 0.000 0.003 0.003
t-stat (-1.14) (-0.18) (-0.5) (1.12) (2.18) (0.87) (-0.07) (-0.01) (0.82) (1.27)

PANEL B - Long & Short Strategy FF4 Abnormal Returns
Decile \ -D1 -D2 -D3 -D4 -D5 -D6 -D7 -D8 -D9 -D10

D1 - -0.003 -0.002 -0.005 -0.008 -0.004 -0.003 -0.003 -0.006 -0.006
- (-0.72) (-0.57) (-1.62) (-2.1) (-1.37) (-0.89) (-0.97) (-1.48) (-2.03)

loss. The overreaction-reversal pattern in the wake of overnight information shocks morphs into

drifting returns when the next-month investment portfolios are considered.

S Theoretical Foundations and Implications

LetY; = [n(X;) in time dimension ¢ > 0 and let the triple (Q, A;, ) represent the probability space
for which Q is the possibly observable outcome space, A; represents the o--algebra associated with
the subsets of Q and P is the measure assigning probabilities on (A;. Let also ¥; be the information
filtration as sub-o-algebra on A; generated by a random process. In Equation 1, we explained the
jump-diffusion process as /Ot dX; = fot,usds + /Ot osdBg + Zgil Ji 5 Vte[0,T].

A general form of a diffusion process for the price of a stock with drift and variance terms can

be expressed as in Equation 11:

dXt :/.I(Xl,t,...)dt+O-(X[,t,...)dB[ (11)

where drift term u(X;,t,...) = Y and diffusive variance term o (X}, t, ...) = i can also be functions
of price levels, time, and any other variables that govern the stochastic price process. Notation-
wise, a geometric Brownian motion with discontinuity adjustments for information shocks can be

expressed as in Equation 12.
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dXt/Xt = /ldt + O-dBt + JdNt (12)

where J is the jump size and N, is the counting process for randomly arriving jump incidences.
In the absence of jumps, Equation 12 collapses to dX; = uX;dt + o X;dB;. We create an overre-
action/underreaction term to decompose the jump returns and isolate the rational component of
price movement following information shocks. With surprising information flow, we let A; be the
rational part of price movement and A, = J; — A; be the movement due to psychological biases
and both of these components are assumed to be orthogonal to dB; with A; being a function of
unobservable factors embedded all in ®,. If A, = 0, Vr € [0,T], we conclude that all available
information (including shocks) is rationally processed leading to accurate pricing. On the other
hand, A; > 0, VA; > Oor A; < 0, VA; < 0 means that market participants are prone to psychological
biases and they overreact to information shocks whereas 4; < 0, VA, > O or 4, > 0, VA; < 0

implies that investors underreact to information shocks and create momentum in prices. Formally,

Overreaction, ifA; >0 and A, > 0,Vt e [0,T]
Overreaction, ifA;, <0 and A,<0,Vte [0,T]

J; level is flagged as Rational if 4, =0,Vr € [0,T] (13)
Underreaction, if1, >0 and A; <0,Vte [0,T]
Underreaction, if 1; <0 and A;> 0,Vt e [0,T]

A geometric Brownian model with this sort of decomposition will be

dX,
7’ = udt + odB, + AdN, + AdN, (14)

t
in which the dX; ational | X/ ational _ ud; + odB; + AdN, governs rational component whereas
dxPbiased | xbiased — N, represents the deviation from the rational price path as separate diffusion
processes. Vt € [0,T], X, = Xrational 4 xbiased anq 'y, = [p(Xrational 4 xbiasedy — Applying 1td’s

Lemma13 to Yt — f(Xtrational’ leiased)=ln(Xtrational + leiased) we get,

2
dY; = (u— % — uAdN; — pAdNy)dt

+(0- — 0 AdN; — 0 AdN,)dB, (15)
2 2
+(A+/l— 7 - ? —A/l)dNt

13See Appendix for the derivation
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Equation 15 outlines the process that the log-prices follow and it morphs into the widely-known
form dY; = (u — %z)dt + 0dB; in the absence of jumps. It has useful interpretations. First,
positive jumps (A; + 4; > 0) bring in additional downward drift in returns just like the diffusive
variance term. On the other hand, negative jumps (A; + 4; < 0) make upward adjustments in
the drift term. Second, in the case of overreaction, A, amplifies the size of the drift adjustment
whereas underreaction implies that A, drags down the size of the drift adjustment due to A; and
A; having opposite signs and leading to | J; |<| A, |. Similar inferences can be made for the
effects in diffusive variance term. Third, jump components wind up in the volatility term with
the opposite sign meaning for instance that negative jumps intensify the variance of stocks. That
negative association is in line with Bandi and Reno (2016) which document that large negative
price discontinuities generally couple with positive discontinuities in variance. Volatility is not
necessarily bad in the context of asset pricing as long as its surge serves for rational pricing
as Fama (1989) stated after the market crash in October 1987'%. In the context of the present
study, we emphasize the role of the irrational jump component. The degree of reversal or the
momentum magnitudes in follow-up returns - overreaction and underreaction - will be functions
of that component A;. Broadly, mispricing-driven return predictability (see McLean and Pontiff
(2016)) documented in the preceding chapter and its economic significance rest respectively on
A; # 0 and y which determines the degree of reversal.

Our study also has some implications for our understanding of market efficiency and for
practitioners, especially the active portfolio managers, who look around for some insight into the
future. First, there is still this ongoing debate on the concept to which the return predictability
should be attributed. Is this concept the risk premium that is associated with some factors or is it
investors’ behavioral biases flawing the rationality? The present study contributes to cross-sectional
return predictability literature by elaborating on investors’ overreaction to overnight information
shocks which come about in the form of overnight price jumps. Fama (1991) states that market
efficiency is not testable because of the joint-hypothesis problem (it must be tested with a sound
market equilibrium model) and the only testable thing is whether the information is reflected in
prices “properly” or not. In order to claim market inefficiency, one should be sure that their model

is not a bad model. In that regard, our findings and assertions may also be criticized. However, as

“Eugene Fama highlights that “rational prices are not necessarily less volatile prices, and less volatile prices are not
necessarily better than more volatile prices. The appropriate view of the October 1987 price shock depends critically
on whether it was a rational response to changes in fundamental values”
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widely documented, jumps are rare events and they come in as shocks in very short-time periods.
As clarified in Jiang and Yao (2013), large price movements around these tiny windows are due to
information shocks and barely linked to risk premium. Following this intuition, our study can also
be classified as a short-window event study just like the ones elaborating on return dynamics around
earnings announcements, the literature on flash crashes that bounce back in a very short time or
other similar studies in the same spirit. To say the least, we cannot claim market inefficiency but
we can say that the overnight information that surprises the market is not “properly” priced due to
behavioral biases that defect the investor rationality premise.

Second, we are curious if the reported return predictability will decay after the findings are
published. If our reported return predictability is grounded on rational expectations and is a
reflection of risk in the market, we can then expect this overreaction mechanism to persist as
discussed in McLean and Pontiff (2016). If, on the other hand, this pattern is due to mispricing,
savvy investors can exploit this trend and then alleviate it in time. McLean and Pontiff (2016)
documents a thorough analysis for 97 variables with cross-sectional predictive power and authors
estimate 32% lower return after market participants become informed about the results of these

publications. !

Regarding this issue, we conjecture that this overreaction incidence will stay
in the market mainly for two reasons. The first one is related to the heterogeneously clustered
investor groups along the day. As documented in Lou et al. (2019), there is a persistent interplay
between individual and institutional/professional investors. Opening-hour orders are dominated
by individual investors although the latter heavily trades in the second part of the day. This is
actually in line with the settled market saying: “The novice open the market and masters close
it”. Hence, unless the trading dynamics of these two groups converge with each other, we can
expect this clientele effect to make this overreaction pattern perennial. Our second reasoning is
linked to behavioral biases. It is a well-documented psychological fact that people overreact to
information shocks. They can either make their decisions based on the worst-case scenario amid
uncertainty and risky conditions or become overoptimistic and credulous when confronted with
positive news. Overall, we expect this return pattern to be persistent and open to exploitation by
astute market participants who are free of psychological biases and vigilant for these opportunities.

To be clear, our guess of the long-lasting nature of this trend around overnight shocks is not tied to

the risk premium concept but rather to the competing and unwavering behavioral forces of different

15 Academic research can also lead to new anomalies. See Horenstein (2021) for a detailed discussion on CAPM.
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clientele that are dominant in different parts of a specific trading day.

The reversal trend after overnight information shocks may also matter for the discussions of
uncertainty resolution. We document a bidirectional negative association between cumulative
overnight jumps and future returns and lower future realized returns may be regarded as compen-
sation for reduced uncertainty. That said, associating the reversal trend with uncertainty resolution
is challenging for a few reasons. First, if we were to measure stock-specific uncertainty from the
dispersion in analyst coverages, the scope would be very limited as those reports are mainly con-
fined to the firms that are big and in the spotlight. If one were to calculate firm-specific ambiguity
through the method used in Brenner and Izhakian (2018), it would not be encompassing due to
thinly traded stocks in the intraday section and potentially produce misleading results. Measuring
the market-specific uncertainty from a representative index and taking it as a global benchmark
may also lead to misalignment for stocks without index membership. One possible way would be
grouping stocks based on a factor, finding the highly correlated market index for each segment and
then applying Brenner and Izhakian (2018). We believe that this is a promising area for future

research.

6 Conclusion

We show that isolating jump stocks (stocks with discontinuities in their prices) and non-jump
stocks can uncover different return dynamics that would have otherwise been concealed due to
hoarding. We first link overnight information shocks and short-term market overreactions and
construct a factor of overnight information shocks (CJR) that predicts subsequent returns for
certain set-ups and stocks. Untouched to date, we contribute to short-term overreaction and
return predictability discussions by specifically focusing on overnight-jump stocks. Investors’ first
reactions to unexpected overnight information flows are excessive and the direction of the price
is reversed in the aftermath. We construct a contrarian trading strategy for a 1-month investment
horizon to see if stocks with overnight positive jumps (winners) will experience relatively lower
returns (losers) and vice versa. Stocks are sorted according to their lagged cumulative monthly
jump returns and results of long/short strategy with extreme decile portfolios show that this bet will
induce a statistically significant 0.6% loss rather than a profit.

The level of idiosynratic and market uncertainty surrounding overnight jumps, and their asso-
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ciation with short-term overreaction mechanisms have not been analyzed. Dedicated research will
hopefully enhance our knowledge of investors’ decision-making around information shocks and

uncertainty.
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Appendix

For the derivation of Equation 15, let first f(p, g) be a multivariate function with variables p and

q. 1t6’s Lemma for this function becomes

62f
dp?
2|ap? dpdq

df = —fd —qu *+5
dp dq

(16)

Similarly, let ¥; be the log of observed prices X; which is a function of two different components

tional biased. yv _ tional ybiasedy _ tional biased
X;“a ona and X[ ase : Yt — f(X;"(l ona ’X[ lase )_ ln(X;”a ona +X[ lase ) Then’

dYt = 8—derati0nal + a—f biased + l a2—f rational2
- axrational t axbiased 2 axrationalz t
t t t
(I7)
2 2
+2 0 f erationaldeiased + 9 f deiasedZ
axtrationalaxtbiased ! t athiasedz

Applying the first and second partial derivatives on f(X/ational xbiased) - p(xrational 4

XPbiasedy yields

dYt = 1 rational 1 biased
~ yrrational biased t rational biased
X/ + X, X/ + X,
_l 1 erational2 +2 1 erationaldeiased (18)
rational biased\2 1 rational biased\2 1 t
21 (x +X ) (X! +X, )
1 biased?2

+
rational biased\?2 t
(X; + X, )

Remember that & = pdt+0 dB, + AdN,+AdN;, X, = X]a"ione! + xPiased and dX, = dX]eional +

dxPiased Tf we let ‘P = d%’ for brevity, Equation 18 becomes

dYt = EdXtrational + EXmbiased _ l lP_2Xmrati0na12 + Z\P_ZdXtrationaldthiased
X; X; 2 X,2 th
. . 2
2 ) dxranonal + dxblased 1l ¥ . N ) (19)
+_delased2 -y t t _ eratlonal + delased
2 dX, 2(dx, ! dX; '

1

=y _y?
2
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W2 term can be formulated as
W2 = 2d + 2udt + 0dB,)odB; + (2udt + 20-dB; + AdN;) AdN,
+(2udt + 20dB; + 2AdN; + AdN;)AdN; 0
where the components p?dt?> and 2udtodB; will be zero as they contain the higher orders of

dt. We also replace the term o-2dB? with o-2dt as an adjustment for quadratic variation (dB? = dt).

Hence, the diffusion process for the log of prices becomes

2

1
dY, =W - 2 = (- % — uAdN, — pAdN,)dr
+(0- - O-AdN[ - O-/ldN[)dB[
+AdN, (21)
+AdN,;
A? 22
—(7 + 7 +A/l)dNt2

where dN? = dN, Vt € [0,T], since the number of jumps at any time will either be 0 or 1.

Then,

2
dy, = (u - % — uAdN, - pAdN,)dt

+(0 = 0 AdN; — 0 AdN,)dB; 22)
AZ 2
+(A+/l— 7 - — —A/l)dNt
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